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1 Introduction 

Suppose your peer John has a difficult situation in life – the recent hurricane has destroyed the house where 

he lived together with his family. His savings do not allow him buying the new house straightaway, so he 

decided to turn to a local bank. Despite a stable job and decent joint family income, the bank refuses to issue a 

new loan for John because, first, he already has taken loans for a car and children education, and, secondly, 

the hurricane brought to the bank severe losses by destroying John’s neighborhood. In this situation John has 

two options – take his family to the shelter or ask people like you to lend him 50,000 USD. The second option 

might seem attractive for both of you – by eliminating the bank as a middleman you can get relatively high 

return on the investment of your savings and John can enjoy lower interest rates and the new accommodation. 

As you do not know John’s family so well, you are reluctant to lend 50,000 USD collateralized only with the 

trust in John’s job and unverified family joint income. The maximum you would be ready to lend would be 

500 USD at the minimum rate of 5%. John is aware of your concerns and approaches as many other peers as 

possible with identical request to lend him the remaining sum of money at maximum rate of 10%. By being 

able to build trust through disclosing a lot of information about the difficult situation he is in, the financial 

status of his family members and recommendations from his employer, John managed to persuade 110 people 

to lend him 500 USD each with the minimum borrowing rate ranging from 5% to 20%. John ranks all 

borrowers by the interest rate and set the borrowing rate at the 100th lowest one, satisfying 100 borrowers 

who were ready to pay lower rates. As a result, both parties receive what they wanted from this peer-to-peer 

money transaction. 

The development of the internet across the world has allowed people similar to John to reach out to a 

greater number of peers with borrowing requests. This resulted in the emergence of Zopa, the first peer-to-

peer lending marketplace, in 2005. However, the concept quickly gained wider support in the internet society 

only around the start of the recent financial crisis, due to growing anger towards the banking sector and the 

increasing need for funding/investment alternatives. Since then, the peer-to-peer lending market has sky-

rocketed with two major players – Prosper and LendingClub – providing funding to more than 950 million 

USD in loans. Undoubtedly, the concept also caught the interest of the academic world analyzing 

disintermediation in the banking industry. 

The benefits of peer-to-peer platforms to two participating parties could be summarized as follows: 

borrowers gain from higher probability of getting a loan funded at lower interest rates, while lenders would 

gain from higher expected remuneration for the investment risk relatively to other investment alternatives. 

Judging upon the existing literature, researchers primarily focused on determining borrower benefit 

maximizing factors – stronger financial situation (Ryan et al., 2007; Herzenstein et al., 2008; Ravina, 2008; etc), 

more soft unverifiable information like borrower’s effort or loan purpose (Herzenstein et al., 2011; Pope & 
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Sydnor, 2011; Duarte et al., 2010; etc.) or social information about borrower’s friends and groups (Lin et al., 

2009; Herrero-Lopez, 2009; Freedman & Jin, 2011; etc.). However, the lenders’ perspective on the market 

place has been relatively overlooked. Few studies only, such as Iyer et al. (2011) or Miller (2011), have 

analyzed whether the factors maximizing borrower benefits coincide with the ones maximizing lender benefits 

through lower default rates and higher investment returns. Earlier studies by Kumar (2007) and Herzenstein et 

al. (2008) were later contrasted by Klafft (2008), Freedman & Jin (2011) and Ceyhan et al. (2011) suggesting 

that peers asking for money on peer-to-peer platforms are lemons and, thus, an average investor loses money.  

This study enriches the discussion by analyzing the market from the investment risk remuneration 

perspective and then comparing the relative attractiveness with the traditional risky investment alternative – 

the stock market. This thesis thus intends to understand under which conditions, if at all, the peer-to-peer 

lending could yield higher investment risk remuneration relatively to the stock market.  

A five-stage methodology is developed for this purpose. Stage I uses the Cox proportional hazard model 

in order to find P2P loan default determinants and to model individual loan survival probabilities. Taking the 

latter into account, Stage II calculates the expected return for the lender from each potential investment 

considering the specifics of loan repayments on the Prosper P2P lending marketplace. Stage III combines the 

outputs of preceding two stages for sorting loans into loan classes via classification and regression tree analysis 

and consequent efficiency frontier construction for the whole marketplace. The output of Stage III provides 

preliminary evidence so as to answer the research question, i.e. whether P2P loan market can offer relatively 

higher risk remuneration than stock market investments at all in the best case scenario. The latter assumes the 

maximum diversification opportunities over the entire sample period and lenders’ efficiency and rationality in 

borrowing rate setting. If the possibility of P2P loan market relative superiority in terms of risk remuneration 

exists, Stage IV and V seek to find the conditions for it by relaxing two aforementioned assumptions and 

adjusting Stage III results to actual level of the Prosper marketplace development. 

Empirical findings allow rejecting the main hypothesis of the paper that P2P loan market are unattractive 

as an investment alternative comparing to the stock market with respect to risk remuneration. The optimal 

portfolio in the best case scenario on the Prosper marketplace offers a Sharpe Ratio of 3.20 instead of an 

average Sharpe Ratio of 1.25 for S&P 500 over the sample period, in line with the suggestion of Herzenstein 

et al. (2008) and in contrast with papers by Klafft (2008), Freedman & Jin (2011) and Ceyhan et al. (2011). The 

adjustment to actual loan availability for diversification purposes on a month-to-month basis shows that peer-

to-peer loans significantly underperform relatively to the stock market during turbulent times such as the 

recent financial crisis. However, as gaining on short-term volatility of stock returns and, thus, extracting the 

aforementioned benefit of stock market investments requires investors to be highly financially literate, the 

investments in peer-to-peer lending become more attractive under the conditions of longer investment 

horizons or lower financial literacy of borrowers. The findings are robust with respect to lender inefficiency in 

setting borrowing rates.  
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The paper is structured as follows. First, the existing set of literature on peer-to-peer lending is 

overviewed, eventually defining the research contribution of this study. Then, building on the existing 

literature, the methodology used for the analysis is described in detail. The subsequent data description section 

is followed by empirical result discussion. Finally, concluding thoughts are presented together with 

suggestions for further research.   

 

2 Literature Review on Peer-to-Peer Lending 

The review of relevant theoretical underpinnings is essential to achieve a sound understanding on the peer-to-

peer lending concept, while forming the starting point for the hypothesis development process and the 

methodology chosen to test it. Generally speaking, despite the early stage of the concept development, a 

broad stream of research already exists on the peer-to-peer lending market and its performance. In this 

section, the peer-to-peer lending concept and its positioning with respect to conventional financial 

intermediaries are described at first; further, risks and benefits associated with peer-to-peer lending are 

presented. Last, the literature review section covers both the main risks and the major benefits of social 

lending. By identifying information asymmetry as the main challenge behind peer-to-peer lending, the related 

research stream on its potential mitigation is presented. Then, the commonly recognized advantages of the 

P2P lending market are presented for both the borrower and the lender perspectives: the success of the 

former could be expressed by the probability to get the loan and to reduce the interest rate, while the success 

of the latter depends on the loan repayment and its link with the expected return.  

 

2.1 Peer-to-Peer Lending Market and Market Players 

The rapid development of the Internet, brought by the dot.com bubble, together with the growing Internet 

penetration around the world prepared a fertile breeding ground for the peer-to-peer network appearance. 

The advent of peer-to-peer networks gradually expanded coverage areas, moving from file sharing to a more 

complex exchange of financial resources. The first online peer-to-peer lending platforms, also known as 

person-to-person (P2P) or social lending, were pioneered by Zopa (www.zopa.com) in 2005. 

Since then the market has grown rapidly; as of March 2011 Zopa has facilitated more than 200 million 

USD; the two biggest P2P lending platforms – Prosper (www.prosper.com) and LendingClub 

(www.lendingclub.com) have experienced an impressive growth – only in 2011, for example, Prosper platform 

grew by 179%, and, as of December 31, 2011, the total amount of outstanding loans was equal to 75.76 

million USD (Prosper – Media Room, 2012). The geographical reach is growing as well. Currently peer-to-

peer lending platforms are known to have a solid presence in lending markets of US, UK, Germany, France, 

Japan, China, South Korea, India and Australia (United States Government Accountability Office, 2011). 
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It is crucial to recognize that the P2P lending market is “somewhat of a misnomer” (Gallloway 2009), 

because, in fact, no platform allows lenders to lend directly to borrowers. From a legal standpoint, platforms 

either broker loan reimbursements through interest-free investments, or broker the sale of securities backed 

by their issuers, or facilitate the origination of loans which are then sold as securities to P2P investors who 

behave like lenders (Galloway, 2009). For the sake of consistency and clarification, in this work P2P, or social 

lending, will refer to all three aforementioned operational models. 

As implied above, peer-to-peer platforms differ dramatically in type and approach used to reach their 

social lending goal. Some choose to connect two parties directly, while others prefer the usage of a third-party 

intermediary. The interest rate charged is also very dependent on the platform chosen: the interest rate is pre-

set by some platforms based on specific algorithms and borrower characteristics, whereas in other platforms it 

is left to the negotiation between lenders and borrowers, as a typical result of supply-demand. As a 

consequence, all market players in the P2P lending business can be classified with respect to 1) the level of 

control exerted over funding and 2) the pricing of loans. For example, lenders at LendingClub can directly and 

freely contribute to a borrower’s loan request, yet the interest rate that they will receive is set in advance; in 

other words, LendingClub is using direct funding and intermediated pricing models. Another example is the 

mechanism employed by the well-known microfinance platform Kiva (www.kiva.org), which uses an indirect 

funding model by enabling lenders to invest in already issued loans and intermediated pricing model since the 

return on these loans is pre-determined by the platform. Figure 1 depicts the above-identified market player 

segmentation, with the most representative examples of platforms. 

Among different platforms, of particular interest is Prosper, one of the biggest market players in the P2P 

lending business. Despite Prosper shifted to intermediated pricing model in the end of 2011, this platform 

possesses a particular appeal to researchers due to its characteristic of giving relatively more power to 

participating parties with respect to funding and pricing of loans. It is this feature that both triggered and at 

the same time enabled the detailed analysis of the underlying individual investment decisions, and lead to 

majority of academic papers being based on this platform (Bachmann et al., 2011). 
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Figure 1 - P2P Market Player Segmentation 

The figure depicts the peer-to-peer market segmentation 

with respect to the type of pricing and funding of P2P 

loans that each platform employs. “Direct” stands for the 

process without any middleman; while “Intermediated” –

for the platform acting as the intermediate between 

borrowers and lenders. 

2.1.2 Prosper and Its Operational Model 

As already noted before, the Prosper platform is particularly relevant for the analysis of individual investment 

decisions and thereby for this research in particular. The platform was founded in February 2006, has funded 

335 million USD and has 1.32 million registered members (Prosper – About Us, 2012). The platform follows 

the reverse Dutch auction system, where bids are expressed in interest rates at which lenders would be ready 

to finance a particular loan. All loans on the marketplace are uncollateralized and entail fixed repayment 

schedules over 3 possible maturities – one, three and five years. The business model of the platform is based 

on charging borrowers and lenders a fee of 1-2% and 0.5-1% of the funded amount respectively. Although 

there is no secondary market for Prosper loans, the platform reserves the right to sell them to debt collecting 

agencies in case a borrower defaults. The following example might give a good representation of the platform 

operation model: 

Suppose John would like to borrow 2,500 USD at the maximum rate of 15%. There are 110 

lenders registered at Prosper who, based on John’s reported financial and private information, 

believe that he will definitely repay the loan back during 3 years. Despite this belief, none of 

lenders knows John personally to fund the loan in full. Therefore, each investor commits to a 

minimum allowed sum of 25 USD specifying the minimum interest rate at which he/she 

would be ready to fund John’s loan. Lenders get priority for the loan based on the minimum 

interest rate they are willing to accept, with low-rate bids getting higher priority. Those lenders 

left out of the loan funding can bid down the interest rate if their risk assessment of John’s 
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loan has changed and they still would like to be entitled to 1/100th of his loan repayment over 

next 3 years. After a 7 day bidding period, the final interest rate for the loan is determined by 

the 100th lowest reservation rate.  

When creating a loan request on Prosper, also called as a listing, the borrower discloses the information 

he/she thinks the lender might need to make a favorable investment decision. Researchers divide the possible 

information provided into hard, soft and social information sources.  

Hard information is based on the credit report obtained from Experian Scorex PLUS; Prosper does not 

disclose the exact credit score of a borrower, but rather reports the so called Prosper Score or Loan Grade, 

which ranges from AA (Low Risk) to HR (High Risk) and is dependent on Prosper rating, expected loss rate, 

loan term, economic environment and competitive environment (Prosper – Investing, 2012). Apart from the 

Loan Grade, lenders can see historical delinquencies of a borrower, revolving credit balance, bank card 

utilization, the number of current credit lines, public records and credit inquiries. 

The information that is voluntarily provided by the borrower, but could not be verified, is classified as 

‘soft’ information. Examples of the latter include house ownership, employment status, expenditure flows, 

description of the loan purpose, personal or family pictures, etc. In addition to hard and soft information, 

Prosper facilitates leveraging on social information about the borrower, i.e. whether he/she is a member of a 

particular group on the platform, whether there are any friend endorsements, the width and deepness of the 

borrower’s social network on the platform.  

 

2.2 Offline Competition  

Dhand et al. (2008), Greiner & Wang (2007; 2009) and Ryan et al. (2007) take a relatively extreme standpoint 

suggesting that peer-to-peer lending represents a disruptive innovation on the traditional lending market. 

Contrary to traditional lending institutions, a major attribute of all P2P lending platforms is the provision of 

hard information complemented with soft and social information in order to disclose a detailed profile of a 

borrower to potential investors. To a great extent researchers tend to agree that this feature represents a 

necessary prerequisite for peer-to-peer competitiveness relatively to traditional banks, particularly due to 

additional information leading to lower interest rates and expansion of credit markets (Wu & Xu, 2011; Ashta 

& Assadi, 2009; Herzenstein et al., 2008). 

On a more conservative note, Heng et al. (2007) report the business perspective on the topic suggesting 

that P2P lending is likely to fill only a niche in the market of low rating loans. Yet, although currently 

traditional banking institutes and peer-to-peer lending platforms might be seen as complements to each other 

with respect to their target clientele, both of these lending forms will inevitably turn to direct competition. 

The research conducted by Meyer (2007) reconciles the opposite standpoints of Heng et al. (2007) and Dhand 

et al. (2008), and states that P2P lending platforms primarily target the segment of low rating borrowers that 
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were previously excluded from the credit market, while banks are likely to move into the segment due to its 

high profitability. Effectively, although both banks and individual lenders prefer borrowers with a good rating 

with low risk profile, the only really profitable source in order to make money could be low rated borrowers. 

This profitability issue, therefore, leads to the direct competition between banks and P2P platforms within the 

low-rated borrower niche. However, Freedman & Jin (2011) seem to think exactly the opposite, i.e. that the 

P2P lending market and traditional credit institutes will approach each other in the high quality borrower 

segment; in their paper the authors conclude that lenders exhibit a steep learning curve which will inevitably 

rule bad borrowers out of the market. Even new lenders, who did not learn yet, will rely on the market’s 

experience, consequently raising the average quality of funded loan applications. These findings also go along 

with those of Klafft (2008), who pointed out that borrowers with weak credit rating, who cannot get funding 

in the traditional banking system, will unlikely get any on the P2P lending market. Such a divergence in 

opinions over peer-to-peer future positioning could be explained by the relative novelty of the concept as well 

as by the rapidly changing market conditions caused by the recent financial crisis. 

 

2.3 Relative Risks and Benefits of the Concept 

2.3.1 Risks  

The topic on which the majority of researchers tend to agree is that lenders represent the party that bears the 

risk linked with peer-to-peer lending transactions. The high risk perceived is the main reason behind the 

current undersupply of capital on online P2P marketplaces, and it represents the key issue for platforms to 

solve so as to ensure the future success of online social lending (Galloway, 2009; Rumiany, 2007).  

Many are the risks that lenders bear when lending through P2P platforms. First and foremost, lenders 

replacing the traditional role of banks are exposed to the credit risk associated with the borrower, i.e. there is a 

potential for financial losses resulting from the failure of a borrower to perform their due obligations. Besides, 

in contrast with traditional savings accounts with fixed rates of return, loans on social lending platforms are 

not backed by any collateral or guaranteed by any third party: if, on one hand, platforms promote this features 

as an incentive for people to borrow via P2P marketplaces, on the other hand, this corresponds to the higher 

risk for lenders. As a consequence, in case of default, the return for a lender depends exclusively on the 

success of P2P lending platforms collecting agents in obtaining repayments from borrowers. Consequently, it 

further stresses the importance of choosing the right borrower when making an investment on the social 

lending market. 

Moreover, since social lending platforms delegate payment collection to external agents instead of 

pursuing it by themselves, the operational risk steps in. The potential for unexpected losses due to inadequate 

or failed internal processes of P2P lending marketplaces is further increased by the fact that the information 

supplied by borrowers is not verified. For example, Prosper reported that it selected approximately 39% of 
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loans listed from 2009 to 2010 for income and/or employment verification (United States Government 

Accountability Office, 2011). Since the borrower-related information might not accurately reflect his/her 

creditworthiness, the actual loan return that lenders get might be quite different from the promised one. As 

such, the mitigation of the operational risk represents a crucial challenge for P2P platforms, requiring 

significant reduction of information asymmetries between borrowers and lenders at the time of loan 

origination.  

Apart from two major risk categories – credit and operational – lenders are exposed to market, liquidity 

and legal risks. Due to the absence of fines for early repayments, reductions in prevailing interest rates on 

alternative funding markets could induce borrowers to repay their loans in advance, thus affecting lenders’ 

return. The upward trend on alternative markets still negatively affects investors return due to increased 

opportunity cost of an investment in peer-to-peer loans. This could partly be attributed to liquidity risks 

because on most of the social lending platforms there are no secondary markets for transferring loan 

ownership. Even if the secondary market option is provided, it is rare that the liquidity level is sufficient for 

efficient market functioning. Finally, the first peer-to-peer lending platform was founded in 2005, which 

makes the concept quite young and subject to potential regulatory changes as it gains weight. The latter could 

also undermine all benefits of peer-to-peer lending eventually decreasing its attractiveness over traditional 

banking institutions. 

Since peer-to-peer lending in a nutshell is a financial marketplace, the aforementioned risks are based on 

same key problems as the traditional banking system – adverse selection and asymmetric information. Because 

lenders and borrowers remain anonymous to each other during the transaction on peer-to-peer platforms, the 

magnitude of these problems is larger in social lending, which presents itself through both ex ante adverse 

selection and ex post moral hazard (Akerlof, 1970; Pauly, 1974). The studies by Herzenstein et al. (2008), 

Freedman & Jin (2011), Lin et al. (2009), Berger & Gleisner (2009), Iyer et al. (2011) specifically show social 

lending vulnerability with respect to adverse selection and asymmetric information. With higher risk of 

participation in the social lending transaction the lenders adjust the expected rate of return upwards. This, 

eventually, squeezes healthy borrowers out of P2P lending market and forces those who are left to report false 

information that could not be verified. Nevertheless, there is a number of actions that peer-to-peer lending 

platforms undertake to minimize the effect of adverse selection and asymmetric information. For mitigating 

the effect of the adverse selection, to some extent P2P platforms cut off the tail of loan applicants with lowest 

credit scores by establishing a floor for the latter; and to cope with asymmetric information, P2P platforms 

provide investors with extra sources of information on the borrower, which includes hard and soft factors as 

well as loan auction details.  

Consequently, Freedman & Jin (2011) and Iyer et al. (2011) among others wondered if the proposed 

solutions to both fundamental problems of social lending markets have any effect. Both papers prove that 

based on provided extra information, lenders can infer the true creditworthiness of loan applicants. In 
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particular, Freedman & Jin (2011) find that investors impose up to 0.4% interest rate premium from 2007 

onwards within the credit score group assigned by a P2P platform for those borrowers that just reached the 

better credit rating. Iyer et al. (2011) at the same time discovered that about 33% of the real credit rating 

difference within a category is inferred by the lender. The authors suggest that the verified and directly 

observable financial information play the biggest role in correct determination of the true credit score; 

however, they do not exclude the subjective part of decision making. The influence of the subjective part is 

found to increase with decreasing credit score. For example, Freedman & Jin (2011) as well as Herrero-Lopez 

(2009) found empirical evidence of the positive effect of social networks, and group affiliation on minimizing 

information asymmetries on peer-to-peer platforms. Moreover, in absence of the traditional intermediary that 

was generating the information about borrower creditworthiness, the transparency of loan auction and 

resulting herding behavior of investors are also found to be a significant source of information about the loan 

application. Herzenstein et al. (2010) defined herding behavior in online P2P lending as a greater likelihood of 

bidding in auctions with more existing bids, and although the researchers agree on the fact that investors 

extract additional information from the bidding process on the loan application, the effect of this behavior is 

dubious. Ceyhan et al. (2011) found that herding is negatively correlated with lender profits, while Herzenstein 

et al. (2010) claim herding to be beneficial as only loans which received full funding come into existence. The 

detailed description of the effect of verifiable, non-verifiable and loan auction data on loan fundability and 

default rates will be discussed in the following section.    

 

2.3.2 Benefits  

In his paper Slavin (2007) summarizes the benefits of peer-to-peer lending as substantially lower overhead and 

administration charges, zero interest expense and minimal regulatory costs. Apparently, the opportunity to 

avoid banks, reputed costly middlemen, provides the greatest support for social lending fans. Despite peer-to-

peer lending platforms survive by charging servicing fees for every funded loan, fees do not exceed 2% - 

making the P2P option cheaper than traditional financial institutions. Apart from lower transaction costs, both 

parties benefit from increased transparency of the costs associated with borrowing/lending and the control 

that direct borrowing/lending gives them. Furthermore, Slavin (2007) suggests additional mutual benefits of 

peer-to peer lending stemming from the fact that people deal with real individuals and not faceless institutions 

while still maintaining anonymity of both parties.  

As previously mentioned, the natural result for a borrower from avoiding the costly and nontransparent 

middlemen is the decrease in the borrowing rate. Being cautious not to scare away healthy borrowers, at this 

moment none of the peer-to-peer lending platforms imposes any early repayment punishments. This makes 

social lending particularly appealing to self-employed people and others with fluctuating earnings, which 

would negatively affect chances of getting a loan in a conventional bank. Besides expanding the range of 

borrowers eligible for funding, social lending platforms also increases the speed of the process for borrowers. 



  
  

13 

As online P2P lending marketplaces have leaner organization than traditional financial institutions, a typical 

P2P loan application takes three to four days to get approved, which is much faster compared to banks and 

other financing companies (Slavin, 2007).  

Taking the lender’s perspective, since skipping the banks as middlemen shifted borrowing rate 

downwards, it also shifted the return of lenders upwards. According to the study of Slavin (2007), the average 

lender on Zopa, a pioneer P2P lending marketplace based in UK, earns from 7% to 10% after bad debts are 

written off, which is twice what top British savings accounts pay. It also offers lender, in quality of investors, a 

high flexibility in the choice of target investment with respect to the interest rate, loan length and borrower 

characteristics. This flexibility eventually represents a good diversification opportunity for every investor, 

especially by providing a new asset class which is different from traditional bank deposits and stock market 

investments. 

Summarizing the existing literature on benefits of the peer-to-peer lending concept for two key 

stakeholders, the key success for borrowers and lenders is determined by ex-ante and ex-post loan 

performances respectively. In other words, borrowers primarily benefit from higher ability to obtain credit, i.e. 

higher funding probability, and from lower interest rates; lenders, on the other hand, profit from better 

repayments of the loan, i.e. lower default probabilities, and from sufficient compensation for the risk 

undertaken. The following sub-sections will discuss in detail the factors influencing these 4 crucial parameters.  

 

2.3.2.1 Borrowers  

As mentioned above, the major benefit of the peer-to-peer lending concept compared to the conventional 

banking system is the access to extra information sources, particularly soft ones, about the borrower. Since 

this information could be classified into hard, i.e. verifiable, financial; soft, i.e. self-reported, non-verifiable, 

data; and social networks (group belonging) data, there is an ongoing academic debate whether peer-to-peer 

lending platforms can increase the preciseness in determining borrower creditworthiness based on soft & 

social information, which is usually not available for traditional banks. In the borrower’s eyes, this translates 

into identifying all factors that can increase the likelihood of being funded and of being charged a lower 

interest rate.  

 

Impact of borrower’s hard, financial (verifiable) information 

There seems to be a consensus among researchers regarding the importance of hard information on both the 

listing and the borrower characteristics (Ryan et al., 2007; Duarte et al., 2010). Herzenstein et al. (2008), for 

example, in their earlier work find that loan decision variables such as loan amount, maximum interest rate 

and duration of loan listing act as primary mediators between the borrower characteristics and the likelihood 

of funding success. The authors also suggest that overall financial healthiness indicated by loan grade, debt to 

income ratio and home ownership plays an essential role in funding decision-making. Ravina (2008), in her 



 14 

analysis of 11,957 loan requests, argues that investors rationally treat the provided financial information, 

preferring higher credit scores over any other financial or soft data when making the lending decision; 

analyzing over 17,000 Prosper funded loans, Miller (2011) also supports these findings. Klafft (2008), on the 

other hand, found that the existence of a borrower’s bank account is a more powerful determinant of the loan 

funding success and of the final interest rate than the credit rating. Indeed, Klafft (2008) argues that investors 

do no use information rationally or lack financial expertise. Weiß et al. (2010) provide empirical evidence that 

investors on peer-to-peer platform tend to be risk-loving as they tend to fund more loans with higher 

expected losses and apparently preferring higher debt-to-income ratio. Barasinska & Schäfer (2010) join their 

conclusions explaining the surprising attractiveness of high debt-to-income ratios with investors’ belief in the 

disciplining nature of high debt burdens when the portfolio of loans is highly diversified.  

 

Impact of borrower’s soft, self-reported (non-verifiable) information 

Loan description (text length and content) 

An ample stream of research has focused on the issue whether the soft factors can act as a key factor in order 

to determine the probability of loan funding. Once financial data is disclosed thanks to external credit 

agencies, borrowers legitimately question whether they should disclose additional information, and whether 

such supplementary data would lead to a higher probability of getting the loan funded. As it appears, 

borrowers with a more complicated background tend to use the option of explaining their story to a lender so 

as to enhance the likelihood of a rational, informed decision. Consequently, the effort put into the loan 

application, which could be proxied by the amount of extra non-verifiable information disclosed in the loan 

description (measured by length), should be theoretically correlated with a higher funding probability. 

Herzenstein et al. (2008) together with Meyer (2007) support this hypothesis. Yet, the paper of Böhme & 

Pötzsch (2010) does not fully agree with previous findings, as the authors find support for the hypothesis for 

all loan purposes except for private loans. This suggests that not only the length, but also –and primarily – the 

content of the loan description (i.e. the content of the additional information provided) acts as determinant of 

funding probability.  

As the next step, other academics have focused on the description of personal characteristics and their 

potential effect on funding and interest rate charged. Herzenstein et al. (2011) in their later work made an 

extensive study analyzing 1,493 loan listings posted by borrowers on Prosper with the aim of trying to 

determine whether personal characteristics mentioned in the loan description have a considerable impact. The 

authors distinguished 5 identity claims commonly used in loan applications: being trustworthy, hardworking, 

successful, religious and affected by economic hardship (Herzenstein et al. 2011). Empirical findings show 

that the usage of several identity claims in the loan description has a significant positive effect on the 

probability of funding, while having no identity results in a negative effect. Everything else held constant, 

stating to be trustworthy or successful had notable positive effects, but stating to be religious had a negative 
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one. Additionally, the authors found a correlation between worse credit ratings and the usage of identity 

claims, which supports their initial findings of the positive impact of the effort put into the loan application 

on the funding probability.  

The final group of studies focusing on loan description content has focused on the impact of describing 

the loan purpose on the loan funding probability. Herzenstein et al. (2011) complemented this area of studies 

by revealing that two combinations of loan listing argumentation – explanation-acknowledgement and 

explanation-denial – increase the likelihood of favorable lending decisions. In this direction, Pope & Sydnor 

(2011) provide evidence that loans aimed at debt consolidation, i.e. if borrower states that he/she wants to pay 

down credit card debt with the loan from peer-to-peer lending platforms, is preferred over other loan 

purposes. This is said to be primarily due to attractiveness of interest rates on peer-to-peer lending platforms 

relatively to the ones for payday loans in traditional banks. Nonetheless, other authors provide evidence for 

contrary conclusions. For example, Caldieraro et al. (2011) found evidence of counter-signaling theory on 

peer-to-peer lending markets. After analyzing 26,335 loan applications, they concluded that a significant non-

monotonic relationship exists between the non-verifiable (soft) information voluntarily provided by the 

borrower and the loan approval: more specifically, when borrowers withhold non-verifiable information, they 

are more likely to have their loan applications funded.  

 

 Appearance (race, gender and beauty) 

Unlike the heavily regulated traditional banking system, P2P lending platforms, with their animosity, allow for 

considering available personal characteristics as the basis for discrimination of certain borrowers. Needless to 

say, this area attracted a notable number of researchers aiming at analyzing social lending markets on the bias 

towards funding loans of applicants with certain characteristics.  

The primary factor for discrimination on peer-to-peer lending platforms is the race of a borrower 

(Herzenstein et al., 2008; Pope & Sydnor, 2011; Ravina, 2008). Pope & Sydnor (2011) show that the chances 

of loan listings of Afro-Americans to get their loan requests fully funded are 25 to 34 percent smaller than 

those of white skinned applicants, keeping the borrower credit rating constant. These findings go along with 

the work of Herzenstein et al. (2008) and Ravina (2008), who also provide empirical evidence that Afro-

Americans have lower funding probability and are on average charged higher interest rates than 

representatives of any other race. In her later work, Ravina (2008) tries to address the reasons behind 

discrimination instead of the fact of its existence. Her results show that social resemblance has a strong 

positive impact on the lenders’ decision. Living in the same city as the lender, belonging to the same ethnicity, 

gender, interest group or hometown all increase the funding probability and decrease the final interest rate.  

The second major source of discrimination in social lending is the gender of a potential borrower 

(Ravina, 2008; Pope & Sydnor, 2011; Duarte et al., 2010). According to studies performed on the American 

P2P platform Prosper, women are more likely to get their loans funded on P2P platforms than men. 
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Barasinska & Schäfer (2010), however, present contradicting findings from the German social lending 

platform Smava: the main conclusion of their paper implies that, at least in Germany, gender has no effect 

either on funding probability, or on the final interest rate charged. This is contrary to works by Herzenstein et 

al. (2008) and Pope & Sydnor (2011), but in line with Böhme & Pötzsch (2010), who also analyzed a Smava 

data set. Thus, one cannot generalize that, everything else held constant, gender discrimination is a common 

feature of P2P lending markets.  

Finally, unless personal information is disclosed directly by the borrower in the loan application, the only 

basis for discriminatory actions from the lender side is non-verified pictures. Along this path, Ravina (2008) 

touches upon more subjective grounds for discrimination, among which the ‘beauty’ of a potential borrower is 

the most interesting. The author found that beautiful borrowers are both 1.41% more likely to get a loan 

funded and pay 0.81% lower interest rate than an average-looking borrower, holding other factors constant. 

Yet, borrowers that are overweight, just as those that appear creditworthy, are more likely to get a loan (but do 

not pay lower interest rates). The findings of Ravina (2008) do not support the research outcome of Klafft 

(2008) or Pope & Sydnor (2011), who argued that investors are less likely to fund a loan and to demand lower 

interest rate from a borrower that appears rather unhappy or overweight. Pope & Sydnor (2011) also argue 

that age is an additional discrimination parameter extracted from borrowers’ profile picture. Compared to a 

base group of 35-60 year-old loan applicants, there is a 0.4% to 0.9% higher chance of getting the loan funded 

for those who appear to be younger than 35. The findings of Böhme & Pötzsch (2010) support as well the 

hypothesis of age discrimination by providing evidence that older people on average pay higher interest rates.  

 

Impact of information on social networks and group ratings 

The final type of information that, unlike traditional banks, peer-to-peer lending platforms offer borrowers to 

disclose is their, so called, social capital by either forming groups or establishing friend connections. Due to 

the recent emergence of online social networking websites, this aspect of social lending got the biggest 

attention of researchers, trying to gather evidence on how technology can help quantifying soft information 

and transforming it into credible signals of the borrower quality (Lin et al., 2009).  

No matter how the social capital is proxied on P2P lending platforms, either through group affiliation or 

several layers of friendship networks, Lin et al. (2009) together with Greiner & Wang (2009), Herrero-Lopez 

(2009) and Freedman & Jin (2011) suggest that borrowers with the social capital are more likely to get their 

loan funded at lower interest rates. The rationale behind the influence of the social capital on funding 

probability is based on social stigma of default, which is defined as the disutility suffered by borrowers when 

friends learn about their default (Crocker et al., 1998). If social stigma costs matter, borrowers who perceive 

themselves as being likely to default should avoid forming friendships. Besides, these members should also 

not express a wish to join or not be accepted by groups on social lending platforms. When it comes to the 

effect of having friends on P2P lending platforms, Lin et al. (2009) and Krumme & Herrero (2009) provide 
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evidence of a positive effect of the number of friends as well as active bidding on the friend’s loan on the 

funding probability. As for group membership, Weiß et al. (2010), Krumme & Herrero (2009), Hildebrand et 

al. (2010) and Lin et al. (2009) suggest a similar positive relationship with the probability of obtaining a loan 

and of a lower interest rate. According to Herrero-Lopez (2009) and Ryan et al. (2007), affiliation with groups 

increases borrower’s chances of being funded by a factor of 2 and 3 respectively; and according to the studies 

of Berger & Gleisner (2009), Greiner & Wang (2009) and Hildebrand et al. (2010), social affiliation 

significantly reduces the final interest rate. Qiu et al. (2010, 2011) empirically support previous findings based 

on US peer-to-peer platforms by discovering even more significant findings on the Chinese online P2P market 

PPDai.  

As for the group rating, which is determined by a peer-to-peer platform based on the group loan 

performance in the past, Berger & Gleisner (2009) and Collier & Hampshire (2010) find a positive effect on 

funding probability but a little or no effect on interest rates. The authors also discovered a link between the 

size of groups and the average interest rates charged to its members: as a matter of fact, larger groups have a 

better peer-review; therefore, members of larger groups benefit from lower interest rates on their loans. These 

findings, however, are contradicted by Freedman & Jin (2011), who claimed that peer-to-peer platforms’ 

incentives for group leaders have the consequence of artificially increasing the group size. Freedman & Jin 

(2011) together with Greiner & Wang (2009) thus think that the ratio of lenders to borrowers within a group 

has a much greater effect on interest rate than the group size, i.e. the greater the proportion of lenders, the 

lower is the interest rate for borrowers.  

To the group belonging factor, a controversial importance in several researches is dedicated to group 

leaders, whose endorsement is found to have the biggest positive effect on both funding success and total 

number of bids (Ryan et al., 2007). Even if the group leader endorsement can increase the likelihood of 

funding (Kumar, 2007), it does not have any effect on the interest rate of the loan (Berger & Gleisner 2009). 

As shown by Berger & Gleisner (2009) and Collier & Hampshire (2010), only the active bidding by the group 

leader can decrease the final interest rate. Freedman & Jin (2011), on the other hand, claim that since group 

leaders receive a fee for each successfully funded loan, the bid by a leader should be perceived as a bad signal. 

Nevertheless, as in 2007 Prosper abolished these incentives for group leaders, the negative effect of group 

leader bids has not been spotted anymore.  

 

2.3.2.2 Lenders  

A considerably smaller number of papers treat the issue whether factors benefiting borrowers through higher 

funding probability and lower interest rates also result in benefits for lenders via lower default probability.  

According to Ravina (2008), all financial variables have expected signs: better credit ratings, lower final 

interest rates, a higher salary and a lower debt-to-income ratio decrease the probability of default. Iyer et al. 

(2011) also shared these findings proving that the loan score assigned by peer-to-peer lending platforms is 
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both highly related to underlying creditworthiness of a borrower and predicts the likelihood of default. Miller 

(2011) tried to look at the difference between profiles of borrowers who default early and borrowers who 

default later. His findings suggest that having open debt lines lead to a lower default probability, as in case of 

difficulties more financial resources are at borrower’s disposal. Contrary to other studies, he finds that home 

ownership is associated with a higher default probability, which is not in line what investors usually consider 

when giving home owners more preference in funding a loan (Herzenstein et al., 2008).  

The misalignment of expected and realized loan performances based on factors that lenders take into 

account before funding a request only increases if these factors are of soft and non-verifiable nature. In 

contrast to a positive effect on the funding probability, the effort and content that borrowers put into the loan 

application does not pay off for investors. Stating to be trustworthy or successful is a particular example of 

this phenomenon, when borrowers are expected to behave in the way they describe themselves while they do 

not (Herzenstein et al., 2010). The authors also find that being moral leads to a lower default probability, but 

being affected by economic hardship – to a higher one. Meyer (2007) supports the hypothesis that effort put 

in the loan request is false as the length of the application is negatively correlated with delinquency risks. 

Caldieraro et al. (2011) results go along with the latter findings, and they remain consistent with the counter-

signaling theory on peer-to-peer lending markets.  According to Caldieraro et al. (2011), borrowers that do not 

need to explain anything in the application description are also more likely to be creditworthy. Only the 

findings of Iyer et al. (2011) show contrary evidence to aforementioned papers by stating that the more extra 

personal information the borrower discloses by writing lengthy descriptions, the lower is the default 

probability of his/her loans.  

Discrimination fans on social lending platforms were disappointed by the findings of Ravina (2008), as 

she proved age, gender and all other personal characteristics except beauty to have no effect on loan 

delinquencies. Beauty, on the other hand, lead to a default probability 3 times higher than the average. She 

also found that retired, part-time employed or unemployed loan applicants possess higher delinquency risks. 

Pope & Sydnor (2011) complement these findings with the evidence of military and Afro-Americans having 

higher default probability.  

Nevertheless, previous research prove that social capital leads not only to higher trustworthiness in the 

eyes of investors, but also keeps the motivation for making loan repayment (Greiner & Wang, 2009; Lin et al., 

2009; Ryan et al., 2007; Hildebrand et al., 2010; Krumme & Herrero, 2009; Klein, 2008). The conclusion of 

Freedman & Jin (2011) is that borrower’s friends are better equipped to identify risks and trustworthiness 

because of the additional information they possess due to the personal relationship. Moreover, they argue that 

monitoring within member groups also provide extra incentive to timely repay loans.  

Everett (2010) decided to take a step forward and test whether there is any difference between group 

influence on loan performance. His findings suggest that members of groups with personal relationships have 

lower default rates, which reflect the financial intermediation role of the group on a peer-to-peer lending 
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platform. If a group member lends to another, who is either a friend, co-worker, neighbor or former 

classmate, this can be seen as a positive signal of the borrower’s creditworthiness. In a way, these findings 

match Ravina’s (2008) results on the recent shift of investor preferences towards borrowers with similar 

profiles (social resemblance). Hildebrand et al. (2010) took another perspective on the role of a group on a 

social lending platform.  The researchers looked at the effect of the incentive scheme for a group leader in 

order to facilitate the loan origination on the loan performance. The authors found that groups where group 

leaders were charging a fee for helping borrowers to originate a loan were characterized with higher default 

rates. In other words, group leaders did not bother about the borrower creditworthiness, but they were rather 

placing the costs on other lenders. However, if the group leader committed herself by bidding to a group 

member loan, the latter is shown to outperform relatively to the rest of the applications. In contrast to 

Hildebrand et al. (2010) results, there are several studies that did not find any effect of bids by a group leader 

on the loan repayment (Berger & Gleisner, 2009; Klein, 2008; Kumar, 2007). This indicates that the positive 

signaling effect of their bidding and the induced lowering of the interest rates by the lenders might not be 

appropriate. Besides, Miller (2011) and Everett (2010) challenge the majority of studies by presenting the 

evidence that mere group membership leads to a higher default probability. 

Considering the mismatch between ex-ante and ex-post influence of aforementioned factors on loan 

performance, the question whether investors initially ask for sufficient compensation for the undertaken risks 

becomes attractive. However, only some authors tried to explore returns of lenders on social lending 

platforms, and currently their findings are still heterogeneous. Kumar (2007) empirically proved that lenders 

behave rationally and charge appropriate risk premiums relatively to expected default rates. Herzenstein et al. 

(2008) share his opinion stressing the potential for a higher return on P2P lending platforms than in 

traditional investment instruments. Krumme & Herrero (2009), however, suggested that the maximum returns 

for investors are achievable only in the segment of loans with high credit rating. The more recent researches 

by Klafft (2008), Freedman & Jin (2011) and Ceyhan et al. (2011) introduced and supported the hypothesis of 

both relative unattractiveness of peer-to-peer lending market for the lenders and their irrationality. For 

example, according to Ceyhan et al. (2011), 21% of all lenders received a positive payoff while 54% lose 

money. At the same time, Klafft (2008) suggested 3 rules for P2P lenders in order to achieve positive returns 

– choosing borrowers that did not default previously, that have reported income at least 5 times higher than 

their interest payments, and that did not inquire for extra credit during last half year. If lenders would follow 

these 3 rules, their realized returns would have been higher than Treasury yields for all credit ratings except for 

HR. 

 

2.4 Contribution of this Paper to Existing Literature 

Concluding this section, several authors have focused on the relatively new phenomenon of P2P lending 

market and its peculiar characteristics. However, research in the field shows little homogeneity and is still at its 
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early stages, characterized by a dominant presence of studies stemming from a psychological-behavioral 

background rather than from a purely financial one. In particular, many papers seem to have focused on 

discovering the factors impacting the loan funding likelihood and interest rate setting, reporting then, ex-post, 

whether such factors led to a positive loan repayment or not.  

As noted in the previous section, very few researchers like Klafft (2008), Freedman & Jin (2011) and 

Ceyhan et al. (2011) only ascertain inefficiency in the current investment strategies of social lenders. Klafft 

(2008) made a first step towards the direction of exploring possible advancements in the investment strategies, 

which would increase the peer-to-peer investment attractiveness over other investment instruments. However, 

the author does not seek for the most efficient strategy, which would lead to the highest return on the peer-to-

peer loan market. A step forward was made by Singh et al. (2009) with the attempt to construct the efficiency 

frontier of peer-to-peer loan groups formed by similar mean and variance. However, the research focused 

only on discount cash flow model of realized return calculation and hard financial factors as primary 

determinants of the latter.  

This paper is thus intended to enrich the poor set of existing literature to date on the P2P market. The 

research is going to focus on the analysis of investor perspective of the peer-to-peer lending market in order 

to balance out the current bias in researcher attention towards borrower side of social lending. Furthermore, 

the hypothesis stated by Herzenstein et al. (2008) regarding potential superiority of P2P lending market over 

traditional investment instruments remains overlooked, which identifies the specific research gap that this 

paper is going to fill. By constructing the efficiency frontier for a peer-to-peer lending market and determining 

the most efficient investment strategy, the relative attractiveness of the latter would be compared with the 

stock market investments with respect to the return each of the alternatives can yield, adjusted for the risk 

undertaken. Thus, this thesis will aim at understanding whether the peer-to-peer lending market could be 

considered as a profitable investment instrument, what should be the expected return for a rational lender and 

whether the risk-return ratio for an investor is high enough, compared to the equity market investment, to 

justify any active lending in the P2P platforms.   

This work also aims to improve the efficiency frontier model previously built by Singh et al. (2009), 

complementing the peer-to-peer loan efficiency frontier modeling with soft information, which was proven to 

have equivalent importance on P2P markets to hard information, with overlooked individually forecasted 

default probabilities for each loan, charged-off loans and historical recovery rates. The usage of an extended 

data set with a timeframe ranging from 2007 to 2012 should also be considered as additional value of this 

research. This extension will allow a more careful evaluation of peer-to-peer loan investment attractiveness 

from the lender perspective.  

It is worth noting that the sole focus on lender perspective, leaving aside borrower funding success, is 

not the only research scope limitation of this work. Considering the outlined characteristics of peer-to-peer 

lending platforms, two other emerging finance-related markets on the Internet should also be mentioned – 
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crowdfunding and microfinance. Yet, despite their operational similarity, they are conceptually different from 

the scope of P2P lending, and for this reasons not further explored in this thesis. Crowdfunding is indeed 

primarily focused on charity (which explains the popularity of the term ‘nonprofit crowdfunding’) via 

sponsoring private and business projects for the social benefit; microfinance is uniquely based on provision of 

financial services to low-income inhabitants in order to help poor people get out of poverty (Srinivasan & 

Sriram, 2003). This research, however, focuses only on peer-to-peer lending platforms that are dominated by 

investors with profit maximizing motives, excluding platforms driven by charity motives – i.e. crowdfunding 

and microfinance platforms. Such exclusion is justified by a resulting higher external validity and greater 

contribution of the research findings in relation to the research literature on household and individual 

investment decisions.  

 

3 Methodology 

Based on the spotted gap in the existing literature, this paper intends to study the attractiveness of peer-to-

peer lending market as an alternative investment platform to other financial instruments. Therefore, the 

research question to be answered can be formulates as follows:  

Under which conditions could peer-to-peer lending platforms offer relatively higher risk remuneration than 

traditional risky investments if at all? 

The previous research by Klafft (2008), Freedman and Jin (2011) and Ceyhan et al. (2011) already 

suggested that lenders on peer-to-peer lending markets act irrationally, which leads to loss-making investment 

decisions. A more natural way of addressing the research question by comparing currently realized returns by 

social lenders and traditional risky market investors would not be correct due to mentioned difference in 

rationality of these two types of investors. Consequently, this research will base the comparison of returns of 

the most traditional risky investment instrument – equity markets – and peer-to-peer loan markets, if P2P 

lenders were able to rationally and effectively assess all the risks associated with a P2P loan investment. 

Furthermore, the research takes the Sharpe Ratio as the basis for comparison of investment alternatives 

because the ratio has been initially designed for comparing the attractiveness of investment opportunities in 

terms of risk remuneration.  According to Sharpe (1966), the ratio is calculated as follows: 

               
 (  )    

  
 (1) 

where    is the return of the investment opportunity  ,    – the risk associated with the investment and    – 

the corresponding risk-free rate. If on the stock market the risk is associated with price volatility, then on the 

peer-to-peer loan market the key risk is the default probability until the loan reaches its maturity. The risk-free 

rate is the return on the most liquid and default free asset in the corresponding country, which in this case is 
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the return on 1-month Treasury Bill of United States of America. Following the similar logic, S&P 500 is 

chosen as the representative stock market for the comparison with the peer-to-peer market in the U.S. Both 

of the choices are implicitly suggested by Kenneth French (French Data Library, 2012). 

The main hypothesis of the research stems from the findings of Klafft (2008), Freedman and Jin (2011) 

and Ceyhan et al. (2011) and aforementioned specifications: 

The Sharpe Ratio of the peer-to-peer loan market is lower than the one of S&P 500 for the sample period 

assuming that investors strive for achieving the optimal return. 

Considering the abovementioned, methodology designed to address the research question and to test the 

hypothesis is divided into 5 consequent stages.  

Stage I is concerned with determination of the first unknown in the Sharpe Ratio – the risk associated 

with the investment into a P2P loan. The borrower default being the main risk, the first stage of the analysis 

intends to find determinants of a loan default rate.  

Stage II tries to calculate the second unknown of the ratio – expected return that a lender should expect 

from a P2P loan investment based on borrower and loan specific characteristics, default and recovery rates, 

supposing that lenders are rational and efficient in interest rate setting.  

By combining results of two previous stages, Stage III aims at finding out whether there is any 

possibility of peer-to-peer lending markets to offer higher risk remuneration in the most optimal portfolio 

allocation case with the widest loan selection over the whole sample period. Therefore, based on the result of 

loan classification into loan classes through regression tree analysis, the efficiency frontier is constructed and 

the most optimal Sharpe Ratio of P2P lending market is determined.  

Stage IV relaxes the first assumption made in Stage III by breaking down the sample period into 

monthly data and adjusting Stage III to actual monthly P2P loan availability on the market. The performance 

of P2P lending and stock market for shorter investment horizons is then compared. 

The last stage, Stage V, relaxes the second assumption behind Stage III results that investors are efficient 

in interest rate setting and checks the validity of Stage III and Stage IV results by using the interest rates 

initially set by lenders for assessment of the relative attractiveness of a P2P loan investment. 

 

3.1 Stage I: Default Rate Determinants  

Over the last two decades researchers have developed numerous models for the estimation of the default risk 

and its determinants. These can be separated into two main categories: the first set unites structural models 

that build on the option pricing model approach suggested by Merton; and the second set – reduced form 

models. The former considers company/individual cash-flow as the stock price and debt level as the exercise 

price. Despite the strong assumption of complete information, the former class of models is characterized by 

the strong link between economic theory and statistical processes, which, in turn, increases interpretability of 
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the output (Arora et al., 2005). The contrary could be said about reduced form models – the second major 

category of models for default probability estimation. These models exhibit high flexibility, which is both their 

strength and weakness. Since reduced form models do not set restrictive assumptions for obtaining higher 

predictive fit, the output obtained from purely statistical operations would suffer from disconnectedness with 

economic theory (Arora et al., 2005). The debate on the empirical preciseness of default probability forecasted 

by structural or reduced form models is not yet resolved, while researchers continue to provide contradicting 

results for both model sets.  

However, as noted by Andreeva et al. (2007), the Merton model is known to be superior for predicting 

default probabilities for a short time horizon up to 1 year. Since the minimum investment horizon on peer-to-

peer lending platforms has been 3 years has been complemented with other loan maturities only recently, the 

reduced form approach would provide more accurate results. Besides, the access to the information on all 

loans and borrowers is highly restricted by privacy policies of peer-to-peer platforms, which hinders complete 

information assumption behind structural models. Cetin et al. (2004) also suggest that in imperfect 

information conditions the use of reduced form models is more appropriate.  

Within the reduced form category, most of the models for failure prediction employed probit/logit 

techniques. The latter are designed to determine the probability of a bank, company or private falling into one 

of two possible states of nature – default or non-default. The Cox proportional hazard model takes this 

approach a step further as it allows predicting not only the probability of default, but also the estimated time 

of this event. Additionally, proportional hazard models do not require the assumption about the distributional 

properties of the data (Whalen, 1989). Recent researches by Shumway (2001) and Chava & Jarrow (2004) also 

provide empirical evidence of the Cox proportional hazard model superiority in default risk modeling.   

 ( )    ( )    (  
   ) (2) 

   ( ( ))   ( )                 (3) 

Formula (3) is the log transformation of formula (2) – the base specification of Cox proportional hazard 

model. The baseline hazard function,  ( )      ( ( )), is the same for all borrowers but varies over time. 

The model does not make assumptions about the shape of  ( ), but it assumes a parametric form on the 

effects of observed characteristics. However, it assumes that the effects of borrower i specific factors k 

denoted by      on the dependent variable – time till default – are separable from the temporal effect 

embodied in  ( ). The model allows censoring observations for which default never happened. Since loans 

on a peer-to-peer lending platform exist with different maturities, the dependent variable would be expressed 

as the proportion of months until default to the full term of the loan. Therefore, observations with time till 

default equal to 1 will be censored. Regarding risk probability determinants, previous research has proven that 

on P2P lending markets soft information about the borrower is as good in predicting loan performance as 

hard financial information (Duarte et al., 2010). The factors initially available for Prosper include loan amount, 
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term, grade, loan description, purpose dummies, borrower group rating, debt-to-income ratio, inquiries in last 

6 months, revolving balance and its utilization.   

Two additional variables are constructed based on the previous literature: length of the description 

(Herzenstein et al., 2008; Meyer, 2009; Iyer et al., 2011) and the maximum rate the borrower is ready to pay 

(Iyer et al., 2011) as extra soft information sources. The construction of the former is based on counting the 

number of characters in the loan description written by the borrower. As for the latter extra variable, this 

research makes a distinction between the maximum rate set by the borrower and the maximum rate that 

he/she could have been charged judging upon similar borrowers and loans. Since the maximum rate set by the 

borrower acts as the actual interest rate cap, the distance between maximum rate that was charged from 

similar borrowers and the actual rate signals the collaterality of the requested loan as the result of availability 

of other funding sources and, thus, borrower’s creditworthiness better than the absolute value of the 

maximum borrower rate. The construction of the maximum rate that could have been charged from the 

borrower is based on 3 following steps: 

1) Determination of variables affecting the actual interest rate choice by running an ordinary least 

squares regression of the final interest rate actually charged from the borrower on loan and borrower 

specific variables; 

2) Grouping loans with similar borrower and loan characteristics by sorting the universe of loans into 

buckets constructed in the N-dimensional space based on quartiles of N-number of significant 

interest rate determinants;  

3) Calculation of the maximum interest rate for each loan group, which represents the maximum rate 

that the borrower could have been charged judging upon loans and borrowers with similar 

characteristics. 

The Cox proportionate hazard model will produce two main outputs – the baseline hazard function for 

every period before the default and    effects of aforementioned parameters. These two outcomes will also 

allow for construction of a default probability function for every loan at every payment date before maturity.  

The expected results are in line with the existing literature that all three categories of variables – hard and 

soft information sources as well as decision variables – should act as significant determinants of the default 

probability (Duarte et al., 2010). For example, more sound financial conditions of the borrower and 

availability of alternative funding represented by lower debt to income ratio, higher loan grade, higher absolute 

value of revolving balance and lower rate of utilization should be associated with lower default rates (Ravina, 

2008; Iyer et al., 2011; Miller, 2011).  
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3.2 Stage II: Expected Return Calculation 

Since the output of Stage I allows modeling the default probabilities for every payment period of every single 

loan with respect to loan and borrower specific characteristics, the expected return for every loan can be 

obtained from the binary tree of peer-to-peer loan scheduled payments. 

 

Figure 2 – Tree of Expected P2P Loan Repayments 

The figure depicts the structure of repayments for every loan on Prosper platform with maturity T. 

Monthly payment (MP) is conditional to the probability of loan surviving by the specified period – 

(    ). Otherwise, there a    probability of default and loan repaying the recoverable part of 

remaining payments.   

where   is the probability of default until time t (month #t since the loan has been issued), T – total length of 

loan term in months;       – average historical recovery rate for a peer-to-peer platform,           – the 

total sum of money provided by lenders;    – monthly payment, which on peer-to-peer lending markets is 

calculated as follows: 

    
(    )            

  
 (4) 

where    stands for the final interest rate charged from the borrower.  

The return for the risk that a P2P lender should get should be equal to the yield to maturity of the loan, 

i.e. the yield that makes the sum of discounted cash flows, adjusted to potential default probabilities in every 
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repayment period as well as recovered cash flows by the end of the loan maturity, equal to initial principal 

provided by borrowers.  
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where      is the yield to maturity or the expected return of lender’s investment into a specific loan  . 

Following the suggestion by Klafft (2008), Freedman and Jin (2011) and Ceyhan et al. (2011) regarding 

the inefficiency of peer-to-peer lenders in terms of interest rate setting, if not specified otherwise, the expected 

return will be calculated based on the maximum interest rate for the similar loan and borrower group, 

determined in Stage I.  

The results of this stage, in terms of breakdown of generated expected returns and Sharpe Ratios with 

respect to various loan characteristics, are expected to show that higher default probabilities are associated 

with higher required returns as well as to support the fact that average Sharpe Ratios of P2P loans are lower 

than that of the stock market, suggesting that on average peer-to-peer loan investments are unattractive 

comparing to the stock market with respect to risk remuneration.  

 

3.3 Stage III: The Best Case Scenario on P2P Loan Market 

Having generated the universe of varying expected returns in Stage II, Stage III tries to identify the most 

optimal investment strategy on the peer-to-peer market via efficiency frontier construction. However, the 

absence of a liquid secondary market for peer-to-peer loans or sufficiently long time series of expected returns 

of identical loans makes it impossible to construct the efficiency frontier in a traditional way. Instead, Singh et 

al. (2009) suggest first grouping existing loans with similar characteristics and distribution of returns and only 

then, considering these groups as loan classes and separate investment opportunities, constructing the 

efficiency frontier.  

In order to assign every loan to a specific group with similar characteristics and expected return 

distribution, the classification and regression trees (CATR) approach is chosen (Singh et al., 2009). This 

conditional inference tee approach uses a unified framework of embedding recursive binary partitioning into 

well-defined theory of permutation tests developed by Strasser & Weber (1999) and (Singh et al., 2009). The 

CATR approach selects the split variable and split value at every node based on how good the association of 

dependent variable is with the independent variable. In this case, fair return of every loan acts as a dependent 

variable, and all observable to investor characteristics of the loan and the borrower – as independent variables. 

At the same time, the CATR does not require any assumptions (Timofeev, 2004) or subjective choice of the 

splitting variables in advance, as it determines only relevant ones from the provided set (Hothron et al., 2006).  

According to Timofeev (2004), the CATR is recommended for the analysis of financial data since it easily 
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handles outliers by isolating them into a separate node without introducing bias to the overall result.  

However, drawbacks of the method include its ability to split the observations with respect to only one 

variable in each node and its sensitivity to adding/dropping variables or observations to the dataset 

(Timofeev, 2004).  

As suggested by Singh et al. (2009), each group identified by the classification and regression trees 

approach will be perceived as a separate investment opportunity on the peer-to-peer lending market. Every 

opportunity will have its expected return, which is equal to the mean of the loan expected returns within a 

group, and its risk, which is equal to the group average of default probability up to the full loan repayment. 

Rationality should make investors require higher return for loans with higher risk; then, based on individual 

risk preferences, lenders can combine investment opportunities into portfolios, i.e. loans from different 

groups, to achieve maximum return per given level of risk. The expected return and the variance of the 

portfolio are calculated as: 

 ( 𝑝)   ∑𝑤  (  )

𝑛

 = 

 (6) 

𝑉  ( 𝑝)  ∑∑𝑤 

𝑛

𝑗= 

𝑛

 = 

𝑤𝑗𝐶 𝑣(    𝑗)   (7) 

where  ( 𝑝) and 𝑉  ( 𝑝) are the expected return and the variance of a portfolio  , which was formed by 

investing 𝑤  share of the total portfolio in a loan group  , which has the expected return of  (  ), variance of 

𝑉  (  ) and covariance 𝐶 𝑣(    𝑗) with a long group 𝑗, which is equal to zero for all loan classes following 

the suggestion of Singh et al. (2009), since loan groups are disjoint with respect to decision rules.  

To get the maximum return for a given level of risk, the following optimization problem must be solved: 

              ( 𝑝) (8) 

subject to following constraints: 

∑𝑤   

𝑛

 = 

 
(9) 

𝑤    (10) 

The first constraint ensures that the sum of all shares in the portfolio sum up to 100%, while the second 

constraint ensures that there is no short selling, as this option is not available on any peer-to-peer lending 

platform at the moment.  

The outcome of Stage III will be the list of CATR splitting factors that social lenders could look at in 

order to sort loans into groups with similar return distributions, which would be helpful for making their 

investment strategies more efficient and profit maximizing. Based on the grouped universe of P2P loans, the 

efficiency frontier will be constructed featuring portfolios that maximize the expected return for a given level 
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of risk, i.e. Sharpe Ratio. The latter will be then compared with the Sharpe Ratio for the S&P 500 index over 

the sample period in order to conclude whether investors following portfolio optimization strategies could 

achieve higher risk remuneration by investing in peer-to-peer loans on Prosper platform instead of in the US 

stock market. Results are again expected to go in line with the existing literature by Klafft (2008), Freedman 

and Jin (2011) and Ceyhan et al. (2011) stating that investors on peer-to-peer loan markets could not achieve 

sufficiently high returns even to break even, which would also serve as the answer for the research question of 

this paper. 

It is worth noting, that the outcome of Stage III will be constructed based on the best case scenario for 

the Prosper marketplace, i.e. calculations will include the whole sample period assuming that all loans are 

available for diversification purposes in every time the investor makes the investment decision setting the 

maximum interest rate the borrower could be ready to pay. These assumptions of 1) maximum loan class 

diversity over the long investment period and 2) lender efficiency in interest rate setting are made in order to 

analyze whether peer-to-peer loan market can at all yield sufficiently high risk remuneration relatively to the 

stock market, if the former market is developed to its best observable state and investors are effective at 

setting correct interest rates.  

 

3.4 Stage IV: Adjustment for Historical Monthly Loan Availability 

Since Stage III outcome supplies the frontier of the most efficient portfolios with the most optimal return that 

is possible to achieve on peer-to-peer lending market in the best case scenario, Stage IV relaxes the first of the 

assumptions made in Stage III.  

According the Modern Portfolio Theory, the wider is the selection of the assets on the market, the 

greater are the diversification benefits and, thus, the greater is Sharpe Ratio of the most optimal portfolio on 

the efficiency frontier. Since the P2P loan market and Prosper platform in particular are still in the growth 

phase, the selection of investment opportunities on the platform has not been constant over the sample 

period. Therefore, it is worth of testing whether the P2P loan market can offer better risk remuneration on 

shorter time periods and limited selection of loan classes.  

Therefore, the methodology of Stage III will be applied to every month of the sample period, yielding 

monthly Sharpe Ratios of the most optimal P2P loan market portfolios, which would be compared with the 

latter ratios for S&P 500 index for the respective months.  

The output of this stage should contain the list of monthly Sharpe Ratios for S&P 500 and for the most 

optimal portfolios on Prosper P2P loan marketplace. The results are expected to exhibit even worse risk 

remuneration of P2P loan investments relatively to the one of stock market due to limited opportunities of 

diversification particularly in the first months of Prosper operations.  
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3.5 Stage V: Adjustment for Lender Irrationality  

The final stage of the research relaxes the second assumption made in the best case scenario modeling for the 

peer-to-peer lending market – inability of lenders to set the appropriate interest rates for borrowers. The latter 

assumption, based on results of Klafft (2008), Freedman and Jin (2011) and Ceyhan et al. (2011) studies, 

allowed for using maximum chargeable interest rates instead of actual ones in expected return calculation and 

efficiency frontier construction.  

The stage applies the methodology of Stages II-IV using the actual interest rates that were originally set 

by the lenders and acts more like a robustness test of the results obtained in the preceding parts of the 

analysis. This output should comprise adjusted outputs of previous stages and is expected to show even worse 

relative risk remuneration of P2P loan market comparing to the result in Stage IV due to inefficiency of 

interest rate setting by lenders. Thus, this stage should be the final to test previously obtained results for 

validity in answering the main research question of this paper.  

 

4 Data Analysis 

4.1 Data Sources 

To conduct the analysis described in the previous section, data from Prosper.com has been used as the 

primary source. However, the access to the full information about borrowers and loan performance is limited 

to registered users on the platform, i.e. U.S. registered residents. At the same time, Prosper makes some data 

available specifically for purposes aimed at facilitating academic research on peer-to-peer lending. Since the 

platform does not allow full direct access to the data for non-U.S. citizens, this thesis acknowledges the 

potential incompleteness of the provided data with respect to certain borrower specific variables.  

After eliminating loans that are currently in funding or are still in process of repayment as of April 19, 

2012, the final dataset consists of 11,752 loans originated from June 14, 2007, to February 12, 2012, i.e. from 

the first loan funding date to the last non-current loan status update.  

Table 1 summarizes the variables that were initially available in the dataset. Besides the data on loan 

performance indicators such as the current loan status, loan start and end dates, principal remaining and total 

payments made, information is provided on the amount borrowed, term of the loan, loan grade assigned by 

the platform, borrower rate, loan purpose, loan description, number of inquiries to the credit agency regarding 

borrower credit status and history, revolving credit card balance, revolving credit card utilization, debt to 

income ratio and group rating. Based on the parameters initially available, two extra variables were constructed 

– loan description length and the difference between the maximum and actual rate paid by the borrower.  
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Data on historical dynamics of S&P 500 and the risk-free rate over the sample period, on the other hand, 

is obtained from the Kenneth French data library. 

Table 1 – Variables and related description 

Variable name Description 

A. Peer-to-Peer Lending Market Variables 

Amount The monetary amount of borrowed money  
Borrower Rate The final rate set to be paid by the borrower 
Debt-to-Income Ratio Total debt to income ratio of the borrower at the time of loan origination 
Group Ranking The ranking, from the highest (1) to the lowest (12), of the group that the borrower is a member 

of on the P2P lending platform. The rating is assigned by the platform based on the repayment 
history of group members.  

Inquiries Last 6 Months The number of inquiries to the credit agency regarding borrower credit status and history during 
the last 6 months 

Loan Description Length The symbol length of the loan description written by the borrower to explain the reason behind 
the loan 

Loan Grade The grade from AA (1) to HR (7) assigned to the loan by P2P lending platform based on the 
credit score of a borrower  

Loan Purpose Purpose of the loan, clustered as follows: Debt Consolidation, House Improvement, Business, 
Credit Card Refinancing, Education, Car, House, Major Purchases, Medicine, Relocation, 
Vacation, Wedding, Renewable Energy, Other 

Revolving Balance The monetary amount of revolving credit balance 
Revolving Balance Utilization The percentage of available revolving credit that is utilized at the time the loan is originated  
Term The term of the loan contract in months  
Time till Last Payment The time until the borrower made the last payment due to default or loan maturity as a share of 

the total repayment period. The variable takes the value of 1 if the loan did not default at all, and 
0 if the loan defaulted straight away without a single payment. 

B. Other Market Variables 

Risk-Free Rate The monthly return on 1-month Treasury Bill of United States of America 
Market Risk Premium The difference between the return of S&P 500 index and the risk-free rate on monthly basis 

The table is divided into two parts. Part A presents the summary of variables initially available for the sample of P2P loans with 

corresponding descriptions. Part B presents the variables necessary for Sharpe Ratio construction for the P2P loan and stock markets.  

 

4.2 Descriptive Statistics 

First and foremost, the composition of the dataset according to the different variables identified above is 

presented. Table 2 gives an overview of the sample data. Judging upon initial descriptive statistics, most of the 

loans on the Prosper P2P lending platform were issued with 36-month maturity. The small number of 60-

month loans is explained by a rather recent introduction of this loan option on the platform. The amount lent 

on average has been around 10,000 USD at the average borrower rate of 12.33%. The average borrower on 

Prosper platform had a Debt-to-Income ratio of 12.46% and a Revolving Balance of 15,088 USD, of which 

46.67% were already utilized. Prior to applying for a social loan he/she already inquired for credit 1.52 times 

during last 6 months. He/she wrote a 344.5 symbol long loan description in order to get a P2P loan, 80% of 

which is usually paid out.   
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Table 2 – Descriptive statistics  

The table is divided into two parts. Part A presents the descriptive statistics of variables initially available for the sample of P2P loans. 

Part B presents the descriptive statistics for variables necessary for Sharpe Ratio construction for the P2P loan and stock markets. 

Mean column shows the average value, Min/Max – minimum and maximum values, Std.Dev – standard deviation of each variable.  

 

Loan grades are not normally distributed, as it can be easily seen in Table 1 (Appendix A). They are 

skewed towards higher rating – 69% of all funded loans had AA, A or B rating. This suggests that lenders on 

Prosper were more risk-averse and preferred loans with higher ratings. Since loan ratings are based on credit 

scores obtained from the credit agency, the lower loan ratings are associated with higher risks. Thus, as Table 

1 (Appendix A) suggests, the average interest rate, debt to income ratio (DTI), the number of inquiries during 

the last 6 months, the revolving credit balance and its utilization are relatively higher, while group ranking is 

relatively lower for borrowers with lower loan grades. The length of the loan description tends to increase 

with decreasing credit score of the borrower, who seems to utilize the opportunity provided by P2P lending 

platforms in order to explain his/her difficult financial situation to potential investors. Loan term and amount 

borrowed also show an upward tendency with lower loan grades, suggesting that healthy borrowers are less 

needy of capital and at the same time they are more certain and stable about their income for the foreseeable 

future.  

Table 2 in Appendix A summarizes the dataset clustered by loan purpose. The majority of loans were 

issued for financial purposes – either for debt consolidation (42.92%) or for refinancing credit card debt 

(12.00%). This trend can be justified by the widely promoted opportunity to obtain a loan at a lower interest 

rate on P2P lending platform instead of relatively higher interest rates in banks; this positioning could have 

attracted the borrowers particularly with this loan purpose, which created such a disproportionate distribution. 

Concerning the loan purposes and loan ratings taken together, Table 3 in Appendix A suggests that borrowers 

with higher ratings are applying for P2P loans for enhancing their lifestyles – new house or car acquisition, 

house improvement, education, vacation, etc., more often than borrowers with lower loan ratings. On the 

other hand, lower loan ratings were mostly aimed at debt consolidation and starting small business.  

Variable Mean Min/Max Std.Dev. 

A. Peer-to-Peer Lending Market Variables 

Amount 9,787 500/35,000 6,456.6 
Borrower Rate 12.33% 5.42%/23.52% 3.22% 
Debt-to-Income Ratio 12.46% 0/29.96% 6.88% 
Group Ranking 6.633 3/12 1.658 
Inquiries last 6 Months 1.5192 0/33 2.09 
Loan Description Length 344.504 0/3,968 460.554 
Loan Grade 5.116 1/7 1.485 
Revolving Balance 15,088 0/1,207,359 29,449 
Revolving Balance Utilization 46.67% 0%/119% 29.44% 
Term 39.28 36/60 8.24 
Time till Last Payment 0.798 0/1 0.340 

B. Other Market Variables 

Risk-Free Rate 0. 0695% 0/ 0.42% 0.11% 
Market Risk Premium 0. 21% -18.55% /11.53% 5.96% 
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Talking about unpaid loans (Table 4 in Appendix A), the latter constituted 29.15% of the sample and 

could be characterized by similar qualities as low rating loans. The average amount raised, the number of 

inquiries, group ranking revolving balance and its utilization of unpaid loans are relatively higher than the 

same parameters of fully paid loans. The lengthy loan descriptions do not seem to help in reducing interest 

rates, since Table 4 (Appendix A) shows that lenders anticipate the likely default and charge higher interest 

rates. As for the loan purposes (Table 5 in Appendix A), both paid and unpaid loans are still dominated by 

debt consolidation (42.27% and 44.48% of fully paid and unpaid loans respectively). The only two notable 

differences are with respect to loans aimed at starting small business and credit card refinancing. There is a 

twice larger share of business loans that were not paid in full relatively to those that were; this situation could 

be potentially created by the limited liability nature of newly registered enterprises. On a positive note, there is 

a 4.66% larger share of loans with credit card refinancing purpose that were paid in full relatively to those that 

the credit card loans were not. Such an observation could be explained by relatively lower interest rates 

available on P2P lending platforms relatively to usually high payday loan and overdraft rates in banks. 

Consequently, considering the findings shown in Table 2 and Table 5 (both in Appendix A), one can 

conclude that, despite almost twice longer descriptions, almost every second loan funded with business 

purpose is not paid in full, in contrast to every fifth – with credit card refinancing purpose. Meanwhile, the 

lenders seem to anticipate this risk and charge on average the highest interest rate (13.48%) relatively to other 

loan purposes. Car loans are characterized with the longest terms, higher quality borrowers and, in turn, lower 

interest rates; this is also rewarded with better loan performance – car loans have the largest share of issued 

loans that were paid in full.  Similar above average performance is demonstrated by loans for house or other 

major acquisitions. These findings could be explained by the tangible nature of these loan purposes, which in 

case of default would be relatively easier to convert back into capital than expenses for vacations or medical 

treatments.  

To sum up, the preliminary overview of the available data suggests that investors have been rather risk 

averse on the Prosper P2P lending platform and have seemed to be able to spot categories with the highest 

proportion of unpaid loans and to charge higher interest rates for these loans. Meanwhile, borrowers mostly 

used P2P lending platform for debt consolidation and refinancing purposes. When it comes to loan 

performance, loans with tangible assets as purposes for borrowing seemed to have the highest proportion of 

fully paid loans, while loans aimed at starting up a small business – the lowest.   
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5 Empirical Results 

This section presents results of applying the 5 stage methodology outlined in Section 3 on the empirical data 

from Prosper P2P lending platform described in Section 4. The presented results are structured according to 

the sequence of their gradual generation.   

 

5.1 Stage I: Default Probability Determinants 

Following the structure of the outlined methodology in Section 3 and utilizing the data described in Section 4, 

the first step concerns finding historical determinants of the interest rate in order to divide the loan universe 

into buckets with highly similar loan and borrower characteristics and to determine the maximum rates 

borrowers would have been ready to pay. For this purpose, an ordinary least squares (OLS) regression of the 

loan interest rate has been run on the available parameters: loan amount, term, grade, description length, 

purpose dummies, borrower group ranking, debt-to-income ratio, inquiries in last 6 months, revolving balance 

and its utilization.  

Table 3 exhibits the regression output suggesting that 6 out of 10 aforementioned parameters resulted 

highly significant. Apart from the intercept, these are loan amount, term, grade, borrower group ranking, 

revolving balance and its utilization. In line with expectations, the indicators of higher riskiness of the loan are 

associated with higher interest rates (Lin et al., 2008). Similar sign has an effect of the group rating, which 

shows that poor performance of the group peers of the borrower serves as an indicator of his/her riskiness 

for investors that in the end demand higher interest rate compensation (Miller, 2011; Lin et al., 2009). Positive 

relationship between interest rates and the loan amount and the term could be explained by the term premium 

charged by investors for tying up more capital for the longer term, which is particularly important due to the 

absence of the secondary market for peer-to-peer loans. Both higher revolving balance and its lower 

utilization signal availability of alternative capital sources of the borrower, which he/she could employ in case 

of difficulties of meeting P2P loan obligations, thus, bringing the associated risk level and the interest rate 

down. The R2 of the regression amounted to 97.31%, confirming the validity of the results. 
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Table 3 – Regression Outcome: Loan Interest Rate against Available Parameters  

Variable Coefficient T-stat 

Intercept 2.31 *** 17.00 
Amount 0.0000065*** 7.66 
Term 0.01 *** 15.77 
Description Length 0.000016  1.50 
Loan Grade -0.29 *** -35.01 
Inquiries Last 6 Months -0.0029 -1.18 
Revolving Balance Utilization 0.0017 *** 8.33 
Revolving Balance  -0.00000057 *** -3.23 
Debt-to-Income Ratio 0.00032 0.41 
Group Ranking 1.64 *** 215.87 
Purpose: Debt Consolidation 0.095 0.94 
Purpose: Credit Card Refinancing                                                            0.036   0.35 
Purpose: Business  0.105  1.02 
Purpose: Education 0.076 0.73 
Purpose: Car                                                             0.034 0.33 
Purpose: House Improvement 0.116 1.14 
Purpose: House 0.151 1.39 
Purpose: Medicine 0.063 0.59 
Purpose: Major Purchases 0.091 0.89 
Purpose: Relocation 0.123 1.14 
Purpose: Vacation 0.117 1.03 
Purpose: Wedding 0.135 1.28 
Purpose: Other 0.092 0.91 

The table presents the output of the ordinary least squares regression of the actual interest rate in percentages set for the loan on the 

borrower specific characteristics (Inquiries Last 6 Months, Revolving Balance, revolving Balance Utilization, Debt-to-Income Ratio 

and Group Ranking), loan specific characteristics (Amount, Term, Description Length, Loan Grade and Purpose dummies). The 

dummy for Renewable Energy loan purpose has been omitted. Coefficient column present the factor loadings, while T-stat values in 

the corresponding column pertain to a test of significance of the loadings. * - indicates 10% significance level; ** - indicates 5% 

significance level; *** - indicates 1% significance level. The R2 indicator of the regression is 97.31%. 

 

Having determined the key parameters of the interest rate setting, 2,048 unique loan bundles along 6 

dimensions were created with highly similar loan and borrower characteristics. The maximum rate for the 

bundle will be used further in Stage II for the calculation of the maximum expected return. However, the 

difference between the maximum and the actual interest rate will also be used as one of the parameters in the 

default probability determination.  

The higher value of the parameter is supposed to explain, from one side, the low level of necessity of the 

loan to the borrower and, from the other side, the lender inability to correctly set up the interest rate. Table 4 

gives an insight into the distribution of the new variable across the initially given parameters. While there is an 

expectedly higher need for capital among people who ended up in default, a more interesting finding concerns 

higher parameter values for very high and low loan ratings. This might suggest that lenders tended to be 

overoptimistic about AA-loan borrower creditworthiness and to underestimate the risk associated with D-, E-, 

HR-loan borrowers, as implied in previous studies such as Herzenstein et al. (2008). Table 5 completes the 

picture by clustering the newly created variable by loan purpose. 
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Table 4 – Distribution of i(max) – i(actual) Variable across Fully Paid, Not Fully Paid Loans and Loan Grades 

 Total Fully Paid Not Fully Paid AA A B C D E HR 

i(max) - i(actual) 1.466% 1.454% 1.493% 2.15% 0.69% 0.70% 1.38% 3.82% 2.72% 1.51% 

The table presents the distribution of the difference between the maximum interest rate that could have been charged from a borrower 

judging upon similar loan and borrowers and the actual rate for the particular loan. Total column presents the average parameter value 

for the whole dataset, Fully Paid – for the subsample of loans paid in full, Not Fully Paid – for loans that either defaulted or were 

charged off during the repayment process. The rest of the columns correspond to the loan grade subsamples.  

 

Table 5 – Distribution of i(max) – i(actual) Variable across Loan Purpose 

 
Debt  
Cons. 

House 
Improv. 

Business 
Card 

Refin. 
Education Car House 

Major 
Purch. 

Medicine Relocation Vacation Wedding 
Renew. 
Energy 

Other 

i(max)-
i(actual) 

1.50% 1.48% 1.45% 1.48% 1.35% 1.54% 1.33% 1.49% 1.51% 1.44% 1.52% 1.38% 1.13% 1.35% 

The table presents the distribution of the difference between the maximum interest rate that could have been charged from a borrower 

judging upon similar loan and borrowers and the actual rate for the particular loan. Each column in the table corresponds to the loan 

purpose subsample.  

 

As the second step towards modeling individual default probabilities, the difference between the 

maximum and the actual borrower rates, along with aforementioned borrower and loan specific variables, is 

used for construction of default probability default and survival base function via the Cox proportionate 

hazard model. All three categories of variables – hard and soft information as well as decision variables – 

found to be significant, supporting the findings of Duarte et al. (2010) that subjective variables just as hard 

financial factors have predictive power as determinants of default probability function. Table 6 summarizes 

the findings of Cox proportionate hazard model. 

 

Table 6 – Cox Proportionate Hazard Model 

Variable Coefficient Z-stat 

Amount  0.0000038 1.35 
Term   0.029 *** 15.36 
Description Length -0.000095  ** -2.50 
Loan Grade   0.100 *** 3.25 
Inquiries Last 6 Months 0.60 *** 8.96 
Revolving Balance Utilization 0.006 ***  8.81 
Revolving Balance  -0.00000052  *** -0.93 
Debt-to-Income Ratio 0.013 4.63 
Group Ranking 0.251 *** 8.86 
i(max) – i(actual) -0.034 *** -2.58 
Purpose: Debt Consolidation -0.650  ** -2.14 
Purpose: Credit Card Refinancing -0.923 *** -3.00 
Purpose: Business 0.018  0.06 
Purpose: Education -0.416 -1.29 
Purpose: Car -0.930  *** -2.87 
Purpose: House Improvement -0.543 * -1.76 
Purpose: House -0.673 ** -1.98 
Purpose: Medicine -0.384  -1.19 
Purpose: Major Purchases -0.703 ** -2.24 
Purpose: Relocation -0.432 -1.30 
Purpose: Vacation -0.263 -0.75 
Purpose: Wedding -0.815 ** -2.48 
Purpose: Other -0.423 -1.38 
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The table presents the output of the Cox proportionate hazard model with time until default as a dependent variable and the borrower 

specific characteristics (Inquiries Last 6 Months, Revolving Balance, revolving Balance Utilization, Debt-to-Income Ratio and Group 

Ranking) and loan specific characteristics (Amount, Term, Description Length, Loan Grade and Purpose dummies) as potential default 

probability determinants. The dummy for Renewable Energy loan purpose has been omitted. Coefficient column present the factor 

loadings, while Z-stat values in the corresponding column pertain to a test of significance of the loadings. * - indicates 10% 

significance level; ** - indicates 5% significance level; *** - indicates 1% significance level.  

 

Considering the financial variables, all of the included variables turned out to be highly statistically 

significant except for the debt-to-income ratio. In the study of Miller (2011), a similar unexpected finding was 

observed with respect to the loan grade, which turned out to be insignificant in predicting future default 

probability of the loan. This is reasoned by the fact that loan grade is a complex factor, which is assigned by 

Prosper platform based on several financial variables. Therefore, as Miller (2011) had access to a much wider 

range of borrower specific financial variables, the loan grade effect was captured by the latter instead. In this 

case, since the exact mechanism of setting of the loan grade is not disclosed, the loan grade variable could 

have taken the effect of other financial variables including debt-to-income ratio. Besides, despite the correct 

positive sign of the relationship with the default probability, the debt-to-income ratio is a borrower self-

reported parameter, the validity of which could be questioned in the nutshell.  

Therefore, as Table 6 indicates, the signs of all financial variables except for the loan grade turned out to 

be in line with the existing literature. The higher number of inquiries for additional credit by the borrower 

during the last 6 months indicates the higher need for capital, which, in turn, results in higher default 

probability (Miller, 2011; Lin et al., 2009). Contrasting with the need for capital, revolving balance and 

revolving utilization exhibit the availability of alternative funding sources: the smaller revolving credit balance 

might signal unwillingness of the bank to provide more revolving credit to the borrower, implying a higher 

default probability (Miller, 2011). The higher the utilization of the revolving credit, the less untied resources 

are in borrower’s disposition to meet debt obligations in case financial challenges reappear (Miller, 2011; Lin 

et al., 2009). 

According to Table 6, the decision variables such as loan amount and term of the contract have expected 

positive relationship with the default probability. Although the loan amount is not a statistically significant 

component of the default probability base model, the sign of its effect is in line with the findings of Meyer 

(2007), Miller (2011) and Lin et al. (2009), suggesting that the larger is the actual value of the debt, the higher 

is the need for capital, the smaller is the probability that the borrower will be able to repay it. At the same 

time, the empirical evidence of positive effect of the loan term on the default probability is in line with Everett 

(2010): the potential explanation of these findings could be based on the fact that the longer is the time 

horizon, the higher is the probability of borrower specific and factor changes, which could eventually lead to a 

default. The final decision variable included in the regression is the difference between the maximum and the 

actual interest rate. The empirical evidence supports the suggestion by Iyer et al. (2011) that the maximum 

borrower rate is likely to serve as a credible signal of a borrower’s creditworthiness. The statistical significance 
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of the distance on which the borrower decided to set up the maximum rate relatively to the maximum paid by 

similar borrowers suggests that, indeed, this parameter is a good proxy for borrower creditworthiness, which 

is negatively related to the probability of default. 

As to the highly debated soft information sources that in this research are represented primarily by the 

borrower group ranking and the loan description length, both of the latter parameters turned out to have a 

significantly positive effect on the survival probability of the loan. As suggested by Berger & Gleisner (2009) 

and Krumme & Herrero (2009), the group and particularly their leaders are considered as mini-intermediaries 

producing extra information about the borrower. In this case, the fact that the borrower is accepted to a high-

ranking group consisting of members with successful repayment history sends a positive signal about his/her 

creditworthiness. 

Among the bunch, the more debatable sign is the description length indicator. In contrast to Meyer 

(2007) finding that the more effort the borrower puts into the description of the loan purpose means that 

he/she needs to explain more, which eventually signals lower creditworthiness, the results of Cox 

proportionate hazard model in this research suggest the opposite. The more information the borrower 

includes into the loan description in order to decrease information asymmetries, the lengthier is the 

description and, thus, the more educated lender funding decisions should be. This should eventually mean 

lower default probabilities among funded loans with lengthy descriptions, which is supported by statistically 

significant empirical evidence presented by Iyer et al. (2011).  

Finally, the results of this study identify 2 major categories within the possible purposes that turned to be 

statistically significant determinants of the default probability – debt refinancing and major purchases. Besides 

the obvious difference between loan rates available on the peer-to-peer lending platform and payday loans 

rates making the debt consolidation and refinancing a potential way to avoid default, the willingness to 

restructure the debt and meet the obligations with the other party might signal trustworthiness and high 

morale of the borrower and, in turn, his expected willingness to avoid default on the peer-to-peer lending 

platform as well. On the other hand, the group of purposes associated with major purchases such as car or 

house acquisition also push down the default probability, as the latter two present tangible assets that could be 

turned back into capital in case of difficulties to meet debt obligations. 

 

5.2 Stage II: Expected Return Calculation 

Having calculated the individual time-dependent default probabilities for every loan, this thesis proceeds with 

the expected return calculation considering the average historical rate of recovery. As this information is not 

available for Prosper, 18.2% recovery rate is taken from another major P2P platform, Lending Club, which 

operates on the same market as Prosper, has started operations with only a few-month difference and, thus, 

can be considered as a good proxy for the Prosper marketplace (LendingClub Loan Performance Page, 2012). 
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Overall, this study provides evidence of significantly positive expected returns of investment into peer-to-peer 

loan market based on Prosper platform. The average expected return from an investment is 24.43%. Table 7 

exhibits the expected return breakdown across loan grades and purposes. 

Being supported by the earlier study of Freedman & Jin (2008), these findings go in contrast to initially 

expected alignment for Klafft (2008), Freedman & Jin (2011) and Ceyhan et al. (2011) that investors lose 

money due to investments in P2P loans. According to this research, investors do not lose money per se, but 

rather make inefficient funding decisions since is the expected return disproportionate to the risk associated 

with the investments. Despite proving initially an expected positive relationship between the risk expressed as 

the probability of default and the return, the overall average Sharpe Ratio of 0.587 as well as the one for every 

loan grade category is still lower than the average Sharpe ratio of the stock market (1.25) during the same 

period of time. This evidence Moreover, judging upon results in Table 7, the Sharpe ratio is likely to be 

negatively associated with the risk and the alignment between the undertaken risk and the corresponding 

return is weaker for higher risk than for lower risk categories.  

 

Table 7 – P2P Expected Return and related Sharpe Ratio 

Loan Grades N Average Probability of Defaulting by end of the term Expected Return  Sharpe Ratio 

AA 2278 18.953% 15.664%*** 0.757 
A 3104 32.979% 21.951%*** 0.626 
B 2730 43.797% 25.369%*** 0.549 
C 1883 53.828% 28.726%*** 0.509 
D 1088 66.733% 33.200%*** 0.478 
E 441 88.301% 35.493%*** 0.387 
HR 228 96.361% 35.905%*** 0.359 

The table presents the distribution of the average probability of defaulting by maturity, expected return and the corresponding Sharpe 

Ratio across the loan grade subsamples, which consist of N-number of observations.  

 

5.3 Stage III: The Best Case Scenario on P2P Loan Market 

After using the classification and regression trees, 271 groups of loans with similar return characteristics were 

formed. Figure 3 depicts the higher end of the classification tree. 
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Figure 3 – Classification Tree 

The figure depicts the output of the classification and regression tree analysis of the whole sample loan universe. The tree has been 

constructed based on group loans with similar characteristics of the main variable – expected return. For simplicity only the first 

splitting nodes and the respective decision criteria are presented. The total number of terminal nodes is 271.  

Despite credit grade being the most used variable to analyze the loan performance on Prosper, results of 

this research are in line with the empirical evidence provided in the paper of Singh et al. (2009) that loan grade 

is not the primary variable to identify groups with similar risk and return profiles. In this case, the first 

classification variable is the loan term, which could be also explained by the fact that 5-year loan option has 

different risk-return characteristics from 3-year maturity loans. Besides, the long-term loan option has been 

introduced on Prosper only recently and, thus, is underrepresented in the sample. However, looking at the 3-

year maturity loans as the basis of the analysis, the loan grade does not appear even among the 5 first splitting 

criteria. Instead, group ranking, loan purpose and revolving balance utilization are more useful in identifying 

loans with similar characteristics. These results again indirectly supports the hypothesis of Duarte et al. (2010) 

that soft information sources possess at least as much significance about the borrower on the peer-to-peer 

lending markets as financial data. Besides, it also suggests that lenders on Prosper should make their 

investment decisions not only based on loan grades, but also take other variables into account (Singh et al., 

2009).  

Based on the process of combining the loan groups, which represent investment classes on the P2P 

lending platform, into portfolios, the efficiency frontier for the whole P2P loan universe has been constructed. 

Figure 4 exhibits the constructed frontier. The tangency point of the capital allocation line between the risk-

free rate, the average of which in the sample period equaled to 1.32%, and the efficiency frontier represents 

the most optimal portfolio with respect to the remuneration for the unit of risk. The most optimal return that 

could be achieved based on the results of this study is 42.64% with the undertaken risk level of 12.93%. 
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Consequently, it results in a Sharpe Ratio of 3.20, which is both higher than averages reported in Stage II and 

higher than the stock market Sharpe Ratio (1.25) for the same period of time.  

 
Figure 4 – Efficiency Frontier for the P2P Loan Universe 

The figure depicts the efficiency frontier constructed based on the loan 

classes identified through classification and regression tree analysis. The 

expected return and risk is the mean return and maturity default probability 

of loans comprising the loan class portfolios on the frontier.  

Since the optimal portfolio does not consist of investments in all loan classes, judging from the lender 

perspective, it is interesting to know which funding criteria should have been applied in order to select 49 out 

of 271 loan groups for forming the optimal portfolio and maximizing the Sharpe Ratio. Table 1 in Appendix 

B reports the weight of each loan class in the optimal portfolio as well as loan and borrower specific criteria 

that were used to form those classes. The breakdown of the portfolio, however, provides the grounds for the 

suggestion that there is no preferred either borrower or loan specific characteristic for achieving the optimal 

return on peer-to-peer lending. These findings do not support evidence from such papers as Meyer (2007) 

that show that investments in low rating P2P loans should be avoided. Instead, this paper suggests that if 

these investments are balanced with high quality loans (for example, the optimal portfolio consists of at least 

22.72% of AA-A loans), the combined portfolio could not only be yielding positive return, but also deliver the 

highest remuneration per unit of undertaken risk. In other words, the diversification among loans with several 

contrary loan characteristics such as in loan classes 3 and 4 with respect to revolving balance utilization or 81 

and 82 with respect to revolving balance value (all depicted in Table 1 (Appendix B)) is the suggested key to 

formation of the most optimal portfolio on Prosper peer-to-peer lending marketplace.  

All in all, the empirical evidence presented in this section allows rejecting our main hypothesis regarding 

the relative unattractiveness of the peer-to-peer lending to stock market investment, if investors strive for an 

optimal portfolio construction during the whole sample period. It is also worth recalling from the 
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methodology that this conclusion could be made based on the assumption that investors have all the universe 

of P2P loans available for the investment, i.e. they are not limited by capital constraints and all loan types are 

available on the market for optimal loan portfolio construction.  

 

5.4 Stage IV: Adjustment to Historical Monthly Loan Availability 

In order to relax the first assumption made when comparing the effectiveness of investment into the peer-to-

peer lending and stock markets, the sequence of monthly Sharpe Ratios from July 2007 to March 2012 for 

both markets has been constructed to take the limited loan class variety from month to month on the peer-to-

peer lending platform.  

Based on the volatility of S&P 500 observed from Figure 5, the time series of stock returns could be 

separated into two periods – preface of the financial crisis and the period of the latter itself. Despite the higher 

riskiness of the average investment during the financial crisis and its aftermath, the average Sharpe Ratio of 

this period (2.55) is higher than the one of the preface period (-1.14). This suggests that investors that were 

able to time their investments wisely were also able to achieve sufficiently high remuneration per unit of risk 

despite the financial crisis. 

The Sharpe Ratio of P2P lending market has been relatively more stable, following a positive trend 

throughout the sample period. Overall, the average P2P Sharpe Ratio has been 0.62. The positive dynamics of 

the indicator could be explained by two following factors: 

 The lack of diversification opportunities on Prosper marketplace for forming the highly optimal loan 

portfolio in the first months and the increasing variety of loan classes over the time, thus, improving 

investors’ diversification opportunities; 

 Lender ability to learn from their mistakes and consequently improve their funding decisions, 

choosing loans with higher expected returns per unit of undertaken risk. 

These two suggestions are also supported by the increasing curvature of the P2P market efficiency 

frontier from month-to-month, which is demonstrated in Figure 1 of Appendix B, and confirmed by similar 

findings of Freedman & Jin (2011). Besides, the P2P market could have also benefited from any spillover 

effects of stock market downturn, which could have pushed individuals to search alternative funding sources. 

However, two two-sided tests results undermine the superiority of peer-to-peer lending relatively to stock 

market with respect to the ability to yield more efficient returns observed on Stage III. There is only a 14.60% 

(t-stat = -1.06) probability with respect to the null hypothesis regarding P2P Sharpe Ratio greatness over S&P 

500 to be true. These findings suggest that the variety of loans existing on the P2P platform every month is 

currently not sufficient to achieve maximum diversification effect in order to compete in terms of risk-return 

remuneration with the stock market. Therefore, considering the current monthly supply of different loans on 
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the Prosper marketplace, the evidence presented on this stage does not give grounds for rejecting the main 

hypothesis regarding the stock market superiority over P2P loan market in terms of risk remuneration. 

It is also worth noting that the high Sharpe Ratio levels by S&P 500 during the financial crisis period 

could have been achieved only by highly financially intelligent investors due to importance of the market 

timing of monthly transactions. As a matter of fact, if one scrutinizes the preface period of the financial crisis, 

characterized by lower stock market volatility, the probability of the P2P Sharpe Ratio being higher than the 

S&P’s Sharpe Ratio increases up to 98.70 (t-stat = 2.42). Thus, results suggests that in such cases where there 

are smaller opportunities of gaining high return via intelligent market timing, the Sharpe Ratio of P2P lending 

market would be at least as high as the one of the stock market. 

To sum up, as it was expected, the attractiveness of P2P lending market decreases once the assumption 

of the widest loan class selection and long investment horizon is relaxed. The peer-to-peer lending market in 

its current condition could not compete with stock market risk-return ratios on short time intervals, due to 

higher persistence of P2P loan market returns and limited diversification benefits. The combination of Stage 

III and IV results seems to suggest that the peer-to-peer lending market is more attractive for investors with 

longer investment horizons or with lower financial literacy essential for gaining from the stock market 

volatility.  

 

Figure 5 – Sharpe Ratios for P2P Loan and Stock Markets  

The figure presents the series of Sharpe Ratios for P2P loan and S&P 500 for full months in the 

sample period – from July 2007 to March 2012. The ratios for P2P loan market have been 

constructed based on the risk and return of the most optimal portfolio on the efficiency frontier 

for each month. The ratios for S&P 500 have been constructed based on the monthly return and 

the market volatility within the month.  
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5.5 Stage V: Adjustment to Lender Irrationality 

The last stage relaxes the second underlying assumption behind Stage III results regarding the inefficiency of 

interest setting by lenders. This stage uses actual interest rates that were originally set by lenders instead of the 

maximum ones in re-applying the methodology of Stages II-IV.  

The average expected yield on the peer-to-peer lending market is 23.81% against 24.43% with the 

efficient interest rate setting mechanism. As it was expected, the lower average return is also linked with lower 

Sharpe Ratios and even lower attractiveness of the P2P loan market relatively to the stock market if lenders 

are inefficient in setting correct borrowing rates. Table 1 (Appendix C) exhibits the breakdown of expected 

returns and respective Sharpe Ratios across loan grades. The splitting factors in classification and regression 

tree, which is presented in Figure 1 (Appendix C), for determination of the most attractive P2P loan market 

Sharpe Ratio does not differ from the effective interest rate setting case. As it was expected, the optimal 

return that could be reached by combining the greatest variety of loan classes for maximizing diversification 

benefits turned out to be lower – 42.46% instead of 42.64% if lenders were rational. The most optimal Sharpe 

Ratio remained roughly around 3.20, which is still sufficiently higher than the one of the stock market. This 

confirms the findings of Stage III and suggests that even with inefficient interest rate setting the lenders can 

achieve higher risk remuneration than that of the stock market if they follow portfolio optimization strategy. 

Figure 6 depicts the efficiency frontier of expected yields based on inefficiently set interest rates. 

 

Figure 6 – Efficiency Frontier for the P2P Loan Universe with Inefficient Borrowing Rates 

The figure depicts the efficiency frontier constructed based on the loan classes identified through 

classification and regression tree analysis using the inefficiently set borrowing rates. The expected 

return and risk is the mean return and maturity default probability of loans comprising the loan class 

portfolios on the frontier.  
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Looking at the historical month-to-month performance of P2P lending market and S&P 500 with respect 

to Sharpe Ratios, the identical relationship could be established as in the result discussion on Stage IV, which 

confirms the initially presented evidence. For the overall sample period there is only 13.95% (t-stat = -1.09) 

probability that P2P Sharpe Ratio is on average higher than the one of S&P 500, while for the pre-crisis period 

the same probability increases to 98.58% (t-stat: =2.37).  Both of probabilities are lower than in case of 

maximized interest rates – 14.60% and 98.70% respectively. 

Additionally, Figure 2 (Appendix C) compares the development of optimal Sharpe Ratio series built on 

efficient and inefficient interest rates and suggests that two series are converging over time. This supports 

further the suggestion presented in this paper and in Freedman & Jin (2011) that lenders learn from their 

mistakes, in this case especially with respect to efficient interest rate setting. Despite this finding, investments 

in peer-to-peer loans still remain relatively unattractive for investors with short investment horizons as well as 

for those with higher financial literacy. At the same time, the relative attractiveness of peer-to-peer loans as an 

investment alternative, indeed, decreases if lenders are imprecise in determining the rate that could have been 

charged from the borrower.  

To sum up, Stage V provides evidence that initially presented results are robust with respect to lender 

irrationality in borrowing rate setting.   

 

5.6 Result Future Implications 

The comparison of the risk remuneration on the peer-to-peer lending market has shown that the former 

market can be attractive for investors with longer investment horizons or for investors with low financial 

literacy unable to leverage on the stock market volatility. Since Prosper and its rivals promote P2P lending 

platforms to potential investors as an opportunity for every Average Joe, lending money directly to borrowers 

without a middleman or initial costs, these platforms have in fact attracted on average a financially illiterate 

pool of lenders. Considering these facts, one can infer that Prosper targets the right group of people and 

offers them the opportunity to achieve even higher remuneration for the risk than on the stock market. 

Besides the private borrowers that have grounds to consider P2P loan marketplaces as improvement in 

financial markets increasing capital availability, based on the paper results, the private lenders can now 

question necessity of banks and fund management companies, since functions of both of these institutions 

could be replicated by lenders themselves on peer-to-peer lending platforms. In order to secure peer-to-peer 

loan market attractiveness in the long run across all investment horizons and investor types, the results of the 

thesis give grounds for suggesting two major areas of further improvement of P2P lending platform from 

investor point of view – increasing the ability of investors to form the most optimal portfolio and increasing 

the expected payback from every loan. 
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Judging upon the change in the curvature of efficiency frontiers presented on Stage IV of the analysis 

and depicted in Figure 1 in Appendix B, the positive effect of a greater selection of available loan classes on 

the achievable optimal Sharpe Ratio have been spotted. Therefore, if peer-to-peer lending markets, and 

Prosper in particular, would like to improve the relative risk remuneration for the lenders, the possibility to 

construct more optimal portfolios by having a selection of loans classes as wide as possible should be secured. 

Yet, the optimal portfolio allocation across loan classes changes over time depending on peer-to-peer lending 

market conditions and external macroeconomic factors. As a consequence, in order to allow lenders to adjust 

their portfolios for these changes, a liquid secondary market for P2P loans should be established. This will 

also contribute to an increasing attractiveness of the peer-to-peer lending market as an alternative investment 

class for shorter horizons. Furthermore, directing resources for Prosper development to raising financial 

literacy of an average lender is not recommended, because it can lead to the latter shifting away from the P2P 

market to the stock market investment in search for higher gains in shorter periods of time. Instead, a 

personal portfolio analysis tool on Prosper, with particular suggestions of loans currently in funding stage that 

would be suitable for a lender in order to achieve higher remuneration for the risk of his/her overall loan 

portfolio, could be more relevant.  Finally, as Figure 2 in Appendix C suggests, the lenders seem to have a 

steep learning curve with respect to not only funding loans with better risk-return ratio, but also setting 

interest rates more precisely. In light of this finding it is not clear whether the shift of Prosper to 

intermediated interest rate setting model will result in more efficient portfolio creation on the platform. 

Platforms should also engage so as to increase the average payoff of P2P loans, specifically in two 

complementary ways. First, the average creditworthiness of borrowers of funded loans could be increased. 

This could be achieved either by introducing stricter platform policies on accepting loan applications or by 

increasing incentives for information disclosure by borrowers or by further increasing incentives for groups to 

act as mini-middlemen and to pre-screen loan applicants among their group members. It is arguable whether 

the strategy aimed at increasing borrowers’ average creditworthiness would result in breaking the image of a 

no-middleman market. However, by some researchers, such as Freedman & Jin (2011) and Klafft (2008), this 

shift is seen as an inevitable process of banking re-intermediation and development of peer-to-peer lending 

markets. Consequently, it could lead to direct competition of P2P platforms with banks in terms of capital 

provision, as suggested by Freedman & Jin (2011), Dhand et al. (2008) and Ryan et al. (2007); and it could also 

lead to a direct competition with stock markets in terms of remuneration per unit of risk associated with the 

investment. Second, even if the borrower defaulted, the recovery rate of these loans could be improved. In 

order to achieve this, the legal obligations of peer-to-peer loan contracts could be raised as well as higher 

cooperation with loan originating institutions and debt collection agencies could be developed.  
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6 Conclusions  

6.1 Concluding Thoughts 

This paper contributes to the debate on the under-researched lenders’ perspective on the emerging concept of 

peer-to-peer lending. Specifically, it fills the gap in the existing literature by performing the relative assessment 

of investment risk remuneration on the peer-to-peer lending market and the traditional risky investment 

alternatives. For this purpose a five-stage methodology has been employed.  

The first two stages have been concerned with the calculation of two main components for the 

assessment of risk remuneration – risk and return. Stage I applied the Cox proportionate hazard model for 

default probability modeling with results supporting evidence provided by Duarte et al. (2010) that on the 

peer-to-peer loan market both hard and soft information sources are at least equally important in forecasting 

loan performance. Stage II constructed individual loan expected returns, which in combination with calculated 

probability of default, on average leads to a Sharpe ratio of 0.587 instead of 1.25 for the S&P 500. Although 

this initial evidence shows that an investment into an average loan on the Prosper market place is less 

attractive comparing to the stock market, these findings suggest that lenders do not lose money per se, which 

goes in contrast with the findings of Klafft (2008), Freedman & Jin (2011) and Ceyhan et al. (2011).  

If investments in P2P loans are not on average loss making, Stage III raises a question whether peer-to-

peer loans can at all beat the stock market in the best-case scenario. The latter is characterized with the 

maximum diversification opportunities on the P2P loan market and with lenders both being efficient in 

interest rate setting and having a long-term investment horizon following risk-return optimization strategy. 

The classification of loans with similar characteristics concluded that the loan grade, which is a commonly 

used variable for grouping loans with respect to expected default rates and expected returns, is not the primary 

splitting variable. Instead, soft factors such as group ranking and loan purpose are more useful in classifying 

P2P loans with similar characteristics. The most optimal return achievable on the efficiency frontier based on 

P2P loan classes is equal to 42.64%, with a Sharpe Ratio notably higher than the one of S&P 500 – 3.20 

instead of 1.25 – suggesting relatively higher risk remuneration of P2P loan investments. The analysis of the 

most optimal portfolio composition does not suggest any particular loan characteristic signaling investment 

opportunities leading to the most optimal risk-return ratio. Instead, the key to the latter is in portfolio 

diversification across all loan classes.  

The last two stages are concerned with adjusting the best-case scenario to the actual level of the Prosper 

marketplace development. First, Stage IV adjusts preceding stage results to the actual loan availability on the 

marketplace, which limits diversification benefits for lenders. Indeed, month-to-month data shows that due to 

higher P2P loan return persistency and high stock market volatility, the social lending market loses its 

attractiveness. This suggests that the stock market is more attractive in times with higher volatility particularly 
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for investors who have short enough investment horizon and high enough financial literacy to gain on the 

monthly volatility of stock returns. Despite this finding, the paper provides evidence of increasing optimal 

Sharpe Ratio achievable on the peer-to-peer lending market over the sample period, which suggests the 

positive effect of wider loan class availability and of lender learning process to consequently fund loans with 

better risk remuneration. Apart from the findings of Freedman & Jin (2011), the lender learning effect is also 

supported by results of Stage V. In addition to proving the robustness of previous conclusions to lender 

inefficiency in setting interest rates, Stage V shows that lenders learn not only to select proper loans, but also 

set interest rates closer to the optimal level.  

To sum up, the analysis concludes that the Prosper marketplace as a representation of the peer-to-peer 

lending market can offer a relatively more attractive investment risk remuneration than the stock market, 

under the conditions of long investment horizon, low financial literacy of lenders and maximum 

diversification opportunities. This thesis also suggests that, in order to increase the attractiveness of the 

market in the long run, social lending platforms need to organize a liquid secondary market for P2P loans, to 

put more emphasis on filtering out low quality borrowers and to increase cooperation with debt collection 

agencies for increasing the average recovery rates.  

 

6.2 Suggestion for Further Research  

Last, further research can be addressed on the social lending lenders’ perspective. Indeed, with the pioneering 

peer-to-peer lending platform started in 2005, the social lending market could still be considered as a relatively 

young one, and currently undergoing the growth period. As such, a longer time series of market performance 

during different life cycle stages and different external macroeconomic conditions would have made the 

findings of this research more robust. Moreover, the methodology part concerning efficiency frontier 

construction relies on the assumption of zero correlation between loan classes, which has been accepted in the 

existing literature, yet is rather strong. The assumption introduces an upward effect on obtained results and 

could be eliminated in case of availability of longer time series of identical loans on the secondary P2P loan 

market. Further research in this area can always perform a similar analysis on the enlarged dataset to test 

persistence of the results of this study over time.  

Further, this paper has chosen the Prosper peer-to-peer lending platform as the object of the research 

due to the non-intermediated nature of loan pricing and funding processes. However, there is no homogeneity 

in the operational underlying models of Prosper rivals (see Section 2.1 and specifically Figure 1). Due to 

limitations in accessibility of data and the research time frame, the analysis has been limited to one platform. 

Despite Prosper being among the most successful P2P lending platforms, future research papers could apply 

the outlined methodology to other P2P marketplaces and test whether conclusions also hold in different 

geographical markets and with different P2P platform operation models. 



 48 

Thirdly, due to limitation in access to the data, this research has incorporated a relatively limited number 

of soft information sources in estimation of default probabilities and return determination. Future research 

applying the methodology of this paper could incorporate extra intangible factors such as gender, age, race, 

beauty of the borrower in papers of Herzenstein et al. (2008, 2011), Ravina (2008), Pope & Sydnor (2011) and 

Duarte et al. (2010) in order to achieve higher precision of default probability and return estimation models.     

Finally, just as the other researches on the lender perspective of peer-to-peer lending markets, the study 

is implicitly based on the major assumption that all loans that have been funded should have been funded by 

investors. Since the data on failed loan applications was not available for this study, it would be worth 

analyzing the overall diversity of available loan applications that could have been funded in order to achieve 

higher return efficiency on the peer-to-peer lending market. Consequently, the efficiency of current funding 

choices of lenders with respect to achieving higher remuneration for the risk could also be investigated.   
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Appendix A – Descriptive Statistics 

Table 1 – Loan Grade and Financial Information 

Loan 
Grade 

N Amount Term 
Borrower 

Rate 
i(max) – 
i(actual) 

Time Till The Last 
Payment Made 

Not Fully 
Paid 

Description 
Length 

Inquiries 
Revolving 
Balance 

Revolving Balance 
Utilization 

DTI 
Group 

Ranking 

Total 11752 9787.09 39.278 12.325 1.466 0.798 29.15% 344.504 1.519 15087.664 46.673 12.463 6.633 
AA 2278 7240.83 36.643 7.776 2.152 0.917 12.73% 290.897 0.867 11034.043 24.125 10.111 4.320 
A 3104 10144.45 38.590 10.936 0.687 0.831 24.65% 337.164 1.197 14585.992 40.551 11.989 5.934 
B 2730 9618.66 38.901 12.980 0.696 0.781 31.83% 347.990 1.608 14719.730 52.637 12.894 6.925 
C 1883 10383.75 40.232 14.781 1.380 0.730 38.34% 374.331 1.887 17300.204 58.435 13.430 7.902 
D 1088 11274.84 43.566 16.224 3.816 0.700 66.36% 378.108 2.205 16406.429 63.470 13.850 8.647 
E 441 13587.36 44.109 17.917 2.716 0.658 47.17% 418.737 2.517 20846.576 66.433 15.227 9.490 
HR 228 13001.54 41.789 19.174 1.507 0.649 52.19% 388.022 3.118 31118.763 68.397 17.307 10.114 

The table presents descriptive statistics for variables that were initially available for the universe of P2P loans and the ones that were 

constructed based on the latter. The first row exhibits averages for the overall sample for each variable, while subsequent rows present 

averages for loan grade subsamples. N stands for the number of observations in the sample; Amount – the monetary amount of 

borrowed money; Term – the term of the loan contract in months; Borrower Rate – the final rate set to be paid by the borrower; 

(i(max) – i(actual)) – the difference between the maximum interest rate that could have been charged from a borrower judging upon 

similar loan and borrowers and the actual rate for the particular loan; Time Till The Last Payment Made – share of the overall term 

passed until the borrower stopped complying with loan obligations; Not Fully Paid – proportion of loans that were not paid out in full 

by the end of the loan term; Description Length – the symbol length of the loan description written by the borrower to explain the 

reason behind the loan; Inquiries – the number of inquiries to the credit agency regarding borrower credit status and history during the 

last 6 months; Revolving Balance – the monetary amount of revolving credit balance; Revolving Balance Utilization – the percentage of 

available revolving credit that is utilized at the time the loan is originated; DTI – total debt to income ratio of the borrower at the time 

of loan origination; Group Ranking – the ranking of the group that the borrower is a member of on the P2P lending platform. 

 

Table 2 – Purpose of the Loan and Financial Information 

Purpose N Amount Term 
Loan 
Grade 

Borrower 
Rate 

i(max) - 
i(actual) 

Time Till The Last 
Payment Made 

Not fully 
paid 

Description 
Length 

Inquiries 
Revolving 
Balance 

Revolving Balance 
Utilization 

DTI 
Group 

Ranking 

Total 11752 9787.09 39.28 5.12 12.33 1.47 0.80 0.29 344.50 1.52 15087.66 46.67 12.46 6.63 
Debt 
Consol. 

5044 11023.54 39.73 4.91 12.81 1.50 0.79 0.30 329.72 1.43 15399.53 53.50 13.95 6.88 

House 
Improv. 

850 10147.74 39.92 5.47 11.58 1.48 0.81 0.28 292.71 1.82 13785.00 34.13 10.03 6.23 

Business 719 12801.95 39.81 4.57 13.48 1.45 0.67 0.47 630.28 1.89 22977.11 40.25 10.91 7.22 
Card Refin. 1410 9832.18 37.92 5.25 11.90 1.48 0.86 0.21 366.3 1.33 21288.59 53.67 13.79 6.43 
Education 276 6644.56 36.52 5.14 12.10 1.35 0.82 0.29 427.51 2.08 9780.70 37.40 10.74 6.54 
Car 387 6548.64 41.09 5.83 10.69 1.54 0.88 0.19 275.14 1.36 11002.97 34.63 10.04 5.81 
House 161 10782.61 39.28 5.19 12.21 1.33 0.82 0.25 442.73 2.57 8785.75 31.67 9.54 6.55 
Major 
Purch. 

631 7635.18 39.31 5.55 11.38 1.49 0.83 0.23 269.32 1.35 8478.97 33.54 9.91 6.15 

Medicine 221 7377.72 39.69 5.13 12.24 1.51 0.75 0.34 320.67 1.58 15031.49 43.19 11.32 6.61 
Relocation 174 6644.83 38.90 5.30 11.91 1.44 0.77 0.31 309.41 1.74 7559.48 41.05 10.59 6.41 
Vacation 97 4940.72 38.72 5.68 11.12 1.52 0.76 0.32 187.03 1.27 7139.44 37.93 10.83 6.01 
Wedding 278 9001.71 38.76 5.25 12.12 1.38 0.84 0.22 327.62 1.46 9088.43 38.73 10.80 6.52 
Renew. 
Energy 

28 9041.07 41.14 5.75 11.14 1.13 0.66 0.39 561.54 0.93 22920.68 43.19 12.82 6.07 

Other 1476 7302.20 38.50 5.27 12.02 1.35 0.79 0.31 305.96 1.55 12980.84 42.49 11.45 6.49 

The table presents descriptive statistics for variables that were initially available for the universe of P2P loans and the ones that were 

constructed based on the latter. The first row exhibits averages for the overall sample for each variable, while subsequent rows present 

averages for loan purpose subsamples. N stands for the number of observations in the sample; Amount – the monetary amount of 

borrowed money; Term – the term of the loan contract in months; Borrower Rate – the final rate set to be paid by the borrower; Loan 

Grade – the grade from AA (1) to HR (7) assigned to the loan by P2P lending platform based on the credit score of a borrower; 

(i(max) – i(actual)) – the difference between the maximum interest rate that could have been charged from a borrower judging upon 

similar loan and borrowers and the actual rate for the particular loan; Time Till The Last Payment Made – share of the overall term 

passed until the borrower stopped complying with loan obligations; Not Fully Paid – proportion of loans that were not paid out in full 

by the end of the loan term; Description Length – the symbol length of the loan description written by the borrower to explain the 

reason behind the loan; Inquiries – the number of inquiries to the credit agency regarding borrower credit status and history during the 

last 6 months; Revolving Balance – the monetary amount of revolving credit balance; Revolving Balance Utilization – the percentage 

of available revolving credit that is utilized at the time the loan is originated; DTI – total debt to income ratio of the borrower at the 

time of loan origination; Group Ranking – the ranking of the group that the borrower is a member of on the P2P lending platform. 
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Table 3 – Loan Grade and Loan Purpose  

Loan 
Grade 

Debt 
Consol. 

House 
Improv 

Business 
Card 

Refin. 
Education Car House 

Major 
Purch. 

Medicine Relocation Vacation Wedding 
Renew. 
Energy 

Other 

Total 0.429 0.072 0.061 0.120 0.023 0.033 0.014 0.054 0.019 0.015 0.008 0.024 0.002 0.126 
AA 0.310 0.108 0.036 0.132 0.024 0.064 0.014 0.087 0.022 0.020 0.013 0.025 0.003 0.142 
A 0.420 0.077 0.054 0.121 0.023 0.036 0.016 0.053 0.017 0.015 0.010 0.027 0.004 0.129 
B 0.440 0.064 0.056 0.129 0.028 0.026 0.012 0.045 0.019 0.015 0.007 0.022 0.003 0.133 
C 0.508 0.052 0.070 0.109 0.016 0.020 0.011 0.052 0.013 0.010 0.004 0.024 0.001 0.110 
D 0.492 0.052 0.082 0.108 0.028 0.015 0.013 0.032 0.025 0.016 0.006 0.021 0 0.110 
E 0.506 0.061 0.125 0.082 0.020 0.011 0.018 0.029 0.023 0.014 0.002 0.011 0 0.098 
HR 0.509 0.039 0.180 0.092 0.022 0 0.013 0.004 0.018 0.013 0 0.022 0.004 0.083 

The table presents the shares that loan purpose take in loan grade subsamples. The sum of values in each row is equal to 100%. 

 

Table 4 – Final Loan Repayment Status and Financial Information  

Final Status N Amount Term 
Loan 
Grade 

Borrower 
Rate 

i(max) – 
i(actual) 

Description 
Length 

Inquiries 
Revolving 
Balance 

Revolving Balance 
Utilization 

DTI 
Group 

Ranking 

Total 11752 9787.09 39.278 5.116 12.325 1.466 344.504 1.519 15087.664 46.673 12.463 6.633 
Fully paid 8326 9439.06 38.361 5.330 11.800 1.454 342.812 1.369 14391.778 43.758 12.052 6.368 
Not fully paid 3426 10632.89 41.506 4.596 13.602 1.493 348.617 1.884 16778.835 53.758 13.462 7.276 

The table presents the averages for each of initially available and constructed variables across subsamples of fully paid and not fully 

paid loans. N stands for the number of observations in the sample; Amount – the monetary amount of borrowed money; Term – the 

term of the loan contract in months; Loan Grade – the grade from AA (1) to HR (7) assigned to the loan by P2P lending platform 

based on the credit score of a borrower; Borrower Rate – the final rate set to be paid by the borrower; (i(max) – i(actual)) – the 

difference between the maximum interest rate that could have been charged from a borrower judging upon similar loan and borrowers 

and the actual rate for the particular loan; Description Length – the symbol length of the loan description written by the borrower to 

explain the reason behind the loan; Inquiries – the number of inquiries to the credit agency regarding borrower credit status and 

history during the last 6 months; Revolving Balance – the monetary amount of revolving credit balance; Revolving Balance Utilization 

– the percentage of available revolving credit that is utilized at the time the loan is originated; DTI – total debt to income ratio of the 

borrower at the time of loan origination; Group Ranking – the ranking of the group that the borrower is a member of on the P2P 

lending platform. 

 

Table 5 – Final Loan Repayment Status and Loan Purposes 

Final Status 
Debt 
Cons. 

House 
Improv. 

Business 
Card 

Refin. 
Education Car House 

Major 
Purch. 

Medicine Relocation Vacation Wedding 
Renew. 
Energy 

Other 

Total 0.429 0.072 0.061 0.120 0.023 0.033 0.014 0.054 0.019 0.015 0.008 0.024 0.002 0.126 
Fully Paid 0.423 0.074 0.046 0.134 0.023 0.038 0.014 0.059 0.017 0.014 0.008 0.026 0.002 0.123 
Not fully paid 0.445 0.069 0.099 0.087 0.024 0.022 0.012 0.042 0.022 0.016 0.009 0.018 0.003 0.133 

The table presents the shares that loan purpose take in fully paid and not fully paid loan subsamples. The sum of values in each row is 

equal to 100%. 
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Appendix B – Optimal P2P Loan Portfolio & P2P Market 
Efficiency Frontier 

Table 1 – Optimal Portfolio Breakdown 

Loan 

Class 

ID 

Weight in the 

Optimal Portfolio 

Choice Criterion 
Mean 

Expected 

Return 

Criterion 1:  

Term 

Criterion 2:  

Purpose 

Criterion 3:  

Revolving Balance 

Utilization 

Criterion 4:  

Group Ranking 

Criterion 5:  

Loan Grade 

Criterion 6:  

Debt-to-Income  

Criterion 7:  

Inquiries Last 6 

Months 

Criterion 8:  

Revolving 

Balance 

Criterion 9: 

 i(max) – i(actual) 

1 0.591% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

   AA       33.219% 

2 3.304% 60  Business,  House Improvement,  Medicine, Relocation, 

Vacation, Other, Renewable Energy 

 4-5  AA, A       40.790% 

3 3.193% 60  Business,  House Improvement,  Medicine, Relocation, 

Vacation, Other, Renewable Energy 

<25.65%  6-7  AA, A       42.441% 

4 2.229% 60  Business,  House Improvement,  Medicine, Relocation, 

Vacation, Other, Renewable Energy 

>=25.65%  6-7   AA, A       44.292% 

5 2.390% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

<51.2% 7  B, C, D, E, HR      44.271% 

6 0.604% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy  

<51.2% 10-12   B, C, D, E, HR     48.003% 

9 0.109% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

<48.25% 9-11    >=2.5    34.854% 

10 0.615% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=48.25% 9-11    >=3.5    40.062% 

11 1.168% 60  Car,  Major Purchases, Wedding <40.85%    A       35.576% 

12 3.632% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

<63.45% & 

>=40.85%  

  A       39.772% 

13 3.710% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

>=63.45%    A       40.864% 

14 3.772% 60   Credit Card Refinancing,  Car,  Major Purchases, Wedding  <44.65%  7-8   B, C, D, E, HR     39.116% 

15 2.167% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

<8.95%  8-12   B, C, D, E, HR     45.023% 

16 1.236% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=51.2%  7-9   B      46.233% 

27 0.052% 36  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

 10-11    >=2.5    32.880% 

28 0.349% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=48.25%  10-11    <3.5    38.101% 

29 1.492% 60  Debt Consolidation, Credit Card Refinancing, House  <40.85%    A   <12.16%    37.463% 

30 3.405% 60  Debt Consolidation, Credit Card Refinancing, House <40.85%    A   >=12.165    39.161% 

31 4.127% 60  Debt Consolidation, House   <44.65%  7-8   B, C, D, E, HR <15.13%     40.678% 

32 3.914% 60  Debt Consolidation, House <44.65%  7-8   B, C, D, E, HR >=15.13%    41.965% 

33 3.874% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

>=44.65%  7  B, C, D, E, HR <12.225%    41.169% 

34 3.585% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

>=44.65%  8  B, C, D, E, HR <15.62%    42.861% 

35 4.244% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding  

<57.75%  9  B, C, D, E, HR <10.43%    42.161% 

36 2.349% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

>=57.75%  9  B, C, D, E, HR  >=1.5   45.078% 

37 1.742% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding  

<71.8%  11-12   B, C, D, E, HR     46.006% 
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38 1.239% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

>=71.8%  11-12   B, C, D, E, HR     46.804% 

39 1.619% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=8.95% & 

<51.2%  

8  B, C, D, E, HR     45.795% 

40 1.282% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=8.95% & 

<51.2%  

9-12   B, C, D, E, HR     46.584% 

41 1.163% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=51.2%  7-9  C, D, E   <12.93%     46.820% 

42 0.889% 60  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=51.2%  7-9   C, D, E   >=12.93%    47.259% 

72 0.010% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=27.95% & 

<52.35%  

8   >=2.5    32.170% 

75 0.019% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=76.4%  8  <11.005%    32.331% 

76 0.112% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=52.35%  8  >=11.005%  >=2.5    35.429% 

77 0.078% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy  

>=48.25% & 

<85.35%  

9   <3.5   33.514% 

78 0,137% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=85.35%  9      36.208% 

79 3.773% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

>=44.65% & 

<64.35%  

7  B, C, D, E, HR >=12.225%    41.795% 

80 3.351% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding  

>=64.35% 7  B, C, D, E, HR >=12.225%    42.623% 

81 3.275% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

>=44.65%  8  B, C, D, E, HR >=15.62%  <15978   43.395% 

82 2.872% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

>=44.65%  8  B, C, D, E, HR >=15.62%  >=15978   43.930% 

83 2.975% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

<57.75%  9  B, C, D, E, HR >=10.43%   <2.35% 43.909% 

84 3.756% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

<57.75%  9  B, C, D, E, HR >=10.43%   >=2.35%  43.241% 

85 2.671% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

>=57.75%  9  B, C, D, E, HR  <1.5   <4.495% 44.465% 

86 3.682% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding  

>=57.75%  9  B, C, D, E, HR  <1.5   >=4.495% 43.609% 

87 2.942% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

<73.85%  10  B, C, D, E, HR <14.015%    44.236% 

88 2.437% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

<73.85%  10  B, C, D, E, HR >=14.015%    45.081% 

89 2.078% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding   

>=73.85%  10  B, C, D, E, HR <17.095%    45.505% 

90 1.669% 60  Debt Consolidation,  Credit Card Refinancing,  Car,  House,  

Major Purchases, Wedding 

>=73.85%  10  B, C, D, E, HR >=17.095%    46.124% 

149 0.035% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=76%  7  >=11.46% >=1.5    32.871% 

151 0.082% 36  Business,  Education,  House Improvement,  Medicine, 

Relocation, Vacation, Other, Renewable Energy 

>=81.5%  8  >=11.005% <2.5   33.945% 

The table demonstrates the most optimal portfolio breakdown for the peer-to-peer lending market assuming the maximum selection of loan classes. The latter are formed through classification and 

regression tree analysis. Columns 3-9 in the table represent the splitting criteria in the classification and regression tree analysis for forming the loan classes. Term stands for the overall term of the 

loan contract in months; Purpose – clustered loan purpose of the loan chosen by the borrower; Revolving Balance Utilization – the percentage of available revolving credit that is utilized at the time 

the loan is originated; Group Ranking – the ranking, from the highest (1) to the lowest (12), of the group that the borrower is a member of on the P2P lending platform; Loan Grade – the grade 

from AA (1) to HR (7) assigned to the loan by P2P lending platform based on the credit score of a borrower; Debt-to-Income – total debt to income ratio of the borrower at the time of loan 

origination; Inquiries Last 6 Months – the number of inquiries to the credit agency regarding borrower credit status and history during the last 6 months; Revolving Balance – the monetary amount 

of revolving credit balance; (i(max)-i(actual)) – the difference between the maximum interest rate that could have been charged from a borrower judging upon similar loan and borrowers and the 

actual rate for the particular loan. Column 2 shows the share that the specific loan class accounts for in the most optimal portfolio. The last column shows the expected return of the loan class. 
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1st Month 12th Month 24th Month  36th Month 48th Month 

Figure 1 – P2P Efficiency Frontier Dynamics from Month to Month 

The figure demonstrates the change dynamics of P2P loan market efficiency frontiers on for every 
12th month in the sample period. The frontiers for P2P loan market are constructed based on the 
available selection of loan classes, which are formed through the classification and regression tree 
analysis.  
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Appendix C – Results with Inefficient 
Interest Rate Setting 

Table 1 – P2P Expected Return and related Sharpe Ratio 

Loan Grades N Average Probability of Defaulting by end of the term Expected Return  Sharpe Ratio 

AA 2278 18.953% 14.520%*** 0.696 
A 3104 32.979% 21.631%*** 0.616 
B 2730 43.797% 25.062%*** 0.542 
C 1883 53.828% 28.190%*** 0.499 
D 1088 66.733% 31.924%*** 0.459 
E 441 88.301% 34.552%*** 0.376 
HR 228 96.361% 35.376%*** 0.353 

The table presents the distribution of the average probability of defaulting by maturity, expected return and the corresponding Sharpe 

Ratio across the loan grade subsamples, which consist of N-number of observations. The table is constructed based on the 

inefficiently set interest rates. 

 

Figure 1 – Classification Tree with Inefficient Interest Rates 

The figure depicts the output of the classification and regression tree analysis of the whole sample loan universe. The tree has been 

constructed based on group loans with similar characteristics of the main variable – expected return. For simplicity only the first 

splitting nodes and the respective decision criteria are presented. The total number of terminal nodes is 269.  

 

 

 

 

 

 

 

Figure 2 – Sharpe Ratio Comparison with Efficient and Inefficient Interest Rates 

The figure presents the historical development of P2P loan market Sharpe Ratios for two 

scenarios – efficiently and inefficiently set interest rates. Sharpe Ratios are constructed for the 

most optimal portfolio in each month based on the available selection of loan classes, which 

are determined through classification and regression tree analysis.  


